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Abstract 

With ageing populations and increasing healthcare demands, there has been a 

growing need for cost-efficient diagnostic tools that enable early disease detection 

and intervention. Metabolomics has demonstrated significant potential in identifying 

disease-associated biomarkers, providing a valuable approach for early diagnosis 

and monitoring. Nuclear magnetic resonance (NMR) spectroscopy has been widely 

used in metabolomics; however, high-field (HF) NMR spectrometers are expensive, 

requiring specialised infrastructure, limiting accessibility. Recent advances in 

benchtop NMR (bNMR) spectroscopy have offered a more affordable technique, 

though its diagnostic utility across a broader range of diseases remains 

underexplored.  

 

This research investigated bNMR’s potential for disease detection through 

metabolomic profiling across multiple biofluids and pathological conditions. Using 

optimised pulse sequences and minimal sample preparation, bNMR’s ability to 

differentiate between health states was evaluated. The study examined its 

performance in distinguishing metabolic signatures in diabetes, asthma and 

epilepsy using urine, blood plasma, and cerebrospinal fluid (CSF), respectively. 

 

The findings demonstrated that bNMR successfully differentiated diabetic patients 

from healthy controls in urine-based analysis. However, it could not distinguish pre-

diabetic individuals, a distinction HF-NMR achieved, suggesting a limitation in 

bNMR’s sensitivity. Similarly, in blood plasma, bNMR identified metabolic 

differences between individuals with well-managed asthma, though differentiation 

between a more severe asthma type and controls remained challenging. In CSF, 

bNMR could not effectively distinguish between idiopathic epilepsy and control 

samples, highlighting potential limitations in detecting subtle metabolic changes in 

this biofluid. Metabolites were detected using bNMR, with only minor differences 

compared to HF-NMR. These findings suggested that bNMR could help guide 

targeted disease analysis. 

 

This research highlighted bNMR’s potential as a cost-effective tool while 

emphasising the need for further refinement in sensitivity and validation across 

diverse disease cohorts. While applications of bNMR are promising, future research 
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should explore its applicability in detecting comorbid populations and assess its 

clinical viability for early disease detection.   
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Chapter 1 Introduction 

This research aims to explore the utility of metabolomics, via benchtop nuclear 

magnetic resonance (bNMR) spectroscopy for studying diseases through analysis 

of mammalian biological fluids. Therein, Chapter 1 will introduce the research 

question and topic. This comprises an introduction to the research topic, the 

motivations behind this research, and a literature review of the use of bNMR for 

metabolomic studies shown in Chapter 2. The pulse sequences utilised in these 

studies will also be presented. More in-depth NMR theory will be provided in Chapter 

3 to ensure the reader is equipped with the knowledge needed to understand the 

work undertaken and presented in subsequent chapters. Chapter 4 will cover the 

experimental methodology, offering a detailed explanation of the methods used. 

Following that, Chapters 5, 6, and 7 will present the research findings, exploring a 

different disease and biofluid. To conclude, this research will provide a final 

discussion of the research findings, an outlook on the future of bNMR metabolomics, 

and a conclusion. 

 

1.1. Practical Motivations 

The cost of healthcare in the United Kingdom’s (UK) National Health Service (NHS) 

has increased significantly, rising fourteen-fold between 1950 and 2023.[1] This rise 

is linked to the growing and ageing population in the UK, which has led to increased 

demand and strain on the NHS.[1,2] Despite the advances in healthcare, 54% of 

people aged 65 or older live with multiple long term conditions requiring managed 

long term care, which is projected to increase to 68% by 2035.[3] This growing 

burden of disease is associated with the current fundamentally flawed ethos in 

healthcare; treat diseases once they become an issue or symptoms show, yet this 

approach can lead to worse health outcomes and largely neglects to prevent 

diseases before they present.[3] 

 

The World Health Organisation (WHO) and the NHS have proposed intervention 

and prevention plans to address the increasing demand for earlier detection and 

improved monitoring of diseases.[4–6] To implement such fundamental changes to 
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healthcare operations, research should prioritise the development of new detection 

models. Such strategies must implement the collection or use of biobanks (collection 

of biological samples) of varied populations (age, gender, and ethnicity) for covering 

large-scale health screen monitoring.  

 

One such example is the Our Future Health research programme, which is currently 

recruiting up to five million adult volunteers to obtain a detailed picture of the nation’s 

health that truly reflects the UK’s population.[3,7] Recruitment started in July 2022, 

with preliminary work on the Our Future Health cohort revealing that over half of the 

first 100,000 volunteers had untreated high cholesterol.[7] Left untreated, high 

cholesterol could apply further stress to health services, further reinforcing the 

existing cycle of reactive rather than preventative treatment measures.[7,8] 

 

To transform the current healthcare strategy, testing must be performed quickly and 

cost-effectively to detect and monitor diseases, enabling preventative treatments. 

Therefore, research supporting preventative care and detection initiatives should 

focus on improved usability and practicality. While highly specific and sensitive 

disease detection techniques are valuable, their impact is limited if the cost of testing 

exceeds the economic burden of the disease itself. Consequently, research efforts 

should be balanced between understanding disease aetiology and developing 

efficient, accessible detection methods. This approach ensures that innovative 

healthcare solutions are not only scientifically sound but also economically viable 

and widely implementable. 

 

The worldwide rising cost of care has also been steadily increasing for animals, 

driven partially by advancements in veterinary medicine and a rising demand for 

comprehensive animal healthcare.[9] The Office for National Statistics (ONS) 

reported a 60% increase in the cost of veterinary and other pet services from 2015 

to 2024.[10] Furthermore, the detection and prevention of diseases can provide 

broader benefits for public health and food security, particularly in regions where 

livestock plays a crucial role in the economy.[11] Investing in animal health is, 

therefore, not only a matter of improving the quality of life for animals but also a 

critical component of global health security.  
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As with human disease detection, to address such a need, this research is focused 

on the investigation of a cost-effective and fast method for the detection, monitoring 

and potential prognosis of diseases and care. To assess the methods capabilities 

three commonly extracted biofluids with differing topographic/anatomic disease 

aetiologies were selected. 

 

1.1.1. Asthma 

Asthma is a chronic lung disease caused by muscle tightening and the inflammation 

of airways often triggered by allergies, occupational exposures, air pollution, obesity, 

irritants, and infections. An estimated 80,000 asthma cases are diagnosed in the UK 

each year, with clinical evidence suggesting improved outcomes are observed with 

earlier diagnosis and interventions.[12–14] One review of the deaths of patients 

diagnosed with mild asthma identified that 30% of patients should have been 

diagnosed with moderate or severe asthma.[13] False positive and negative 

diagnoses of respiratory conditions further delay the implementation of treatments 

and increase the chance of acute admissions.[15–17] Moreover, asthma costs the 

NHS approximately £3 billion a year.[12,13] This cost is partly due to false positive and 

negative diagnoses; with an estimated £1.5-7.5 million that could be saved by the 

NHS by reducing misdiagnoses of asthma alone.[13] Therefore, asthma prevention 

through earlier diagnoses and interventions could help reduce costs from 

admissions and pharmaceuticals.[13]  

 

One method of reducing misdiagnoses of asthma is to distinguish between asthma 

phenotypes, such as difficult-to-control asthma, severe asthma, seasonal asthma 

and childhood asthma, for personalised healthcare strategies.[18] The results from 

an asthma study distinguishing between phenotypes will later be discussed in 

Chapter 6 along with a more in-depth introduction to previous research  into asthma 

detection.  

 

1.1.2. Bariatric Surgery and Type 2 Diabetes Mellitus 

Type 2 diabetes mellitus (T2DM) is a largely preventable disease, characterised by 

high levels of glucose in the blood, which accounts for approximately 10% of the 

NHS budget.[19] Alarmingly, an additional two million people in England alone are at 
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high risk of developing the disease.[19] A low-cost fast solution to detect T2DM is 

therefore highly advantageous to the financial stability of healthcare providers. One 

method used to help manage glycaemic control and obesity is through weight loss 

surgery, also known as bariatric surgery. However, patients respond differently to 

the surgery. Therefore, there is a need for screening tools that can predict surgery 

outcomes. This could be achieved using metabolomics and such research aligns 

with the research strategy goals of the Our Future Health research programme.[18] 

This subject is further discussed in the third research chapter (Chapter 7). 

 

1.1.3. Epilepsy 

Neurological disorders, such as epilepsy, can be extremely disruptive for both 

humans and animals. Epilepsy is one of the most prolific neurological disorders in 

the world with 50 million people having the disease; 80% of which live in low- and 

middle-income countries and rural areas which coincide with the highest rates of 

premature mortality.[20] The WHO estimates there to be five million diagnoses of 

epilepsy every year.[20] Epilepsy is prevalent in humans and dogs, with an estimated 

0.75% of all dogs having the condition.[21] Idiopathic Epilepsy (IE) is the most 

common form of epilepsy clinically diagnosed in dogs from an expensive process of 

elimination.[22,23] With IE reportedly hard to diagnose due to the numerous disorders 

that mimic epileptic seizure activity the disease will be investigated in Chapter 5 to 

explore if an accurate detection model can be obtained.[23] 

 

1.2. Omics 

Omics refers to the study of a biological system to explore how it functions. By 

examining the collective interactions of genes, proteins, metabolites, RNA 

transcripts, and epigenetic modifications, omics offer a comprehensive 

understanding of biological systems.[24] By analysing large-scale molecular data, 

researchers and clinicians can explore disease mechanisms, identify novel 

biomarkers for accurate detection and staging, and tailor treatment plans based on 

individual patient's molecular profiles.[24] The main omics approaches include 

genomics, transcriptomics, proteomics, and metabolomics.[24] For instance, 

genomics can pinpoint genetic mutations linked to cancer, while proteomics can 

track protein alterations associated with autoimmune diseases.[24] Omics 
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approaches hold great potential for improving diagnosis, prognosis, and the 

development of targeted interventions, driving the progress of modern healthcare.[24] 

Among these, metabolomics is essential for assessing the current metabolic state 

of an organism. As the youngest of the major omics techniques, metabolomics is 

also considered one of the most promising for clinical application.[25] 

 

1.3. Metabolomics 

The simultaneous analysis of multiple analytes in biological fluids was first explored 

in the 1980’s.[26] Although the term metabolomics was not coined until 1998, this 

early research laid the foundation for the field.[26,27] Metabolomics is the study of 

small molecules less than 1.5kDa in size (metabolites) found within cells, biofluids, 

tissues and organisms to provide insight into a system’s biological status.[28] The 

complete set of metabolites within a system is known as the metabolome, which can 

be influenced by factors such as environment, genetics, drugs, age, gender, and 

diet.[27–29] While the metabolome is constantly changing, metabolomics captures a 

snapshot of a systems biochemical activity.[28,29] Metabolism encompasses all 

chemical and physical processes within a system that uses or converts energy and 

the term metabolic refers to anything related to or affected by these processes. [30] 

 

 

Metabolomics has been applied across various fields, including toxicology and 

environmental studies; however its primary focus remains on mechanistic 

understanding, diagnosis, and prevention.[26,28,31] The first metabolomic study 

completed using nuclear magnetic resonance (NMR) was conducted in 1983, by 

Nicholson et al., who demonstrated diabetes mellitus may have a unique metabolic 

fingerprint that could potentially be used for diagnosis and treatment.[32] 

Metabolomics was developed further with the integration of chemometric and 

bioinformatic methods, enabling  the differentiation of complex biological profiles. 

Common classification models used in metabolomics include principal component 

analysis (PCA) and partial least squares-discriminant analysis (PLS-DA).[33,34] 

Modern metabolomics continues to follow this trend, employing multivariate 

statistical analysis (discussed further in Chapter 4.9) to enhance the understanding 

of biological phenotypes, deciphering mechanisms, and identifying biomarkers.[31] 
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Since its inception, metabolomics has expanded to encompass a wide range of 

studies, including research on various cancers,[35,36] neurological diseases such as 

Parkinson’s[37,38] and Alzheimer’s disease[39], as well as cardiovascular 

diseases.[40,41] This has not only provided a deeper mechanistic understanding of 

disrupted pathways, but has also driven research into novel detection methods 

through biomarker discovery.  

 

1.4. Metabolites and pathways 

Metabolic investigations mainly study amino acids, carbohydrates, organic acids, 

and lipids, all of which are either produced by the body or obtained through dietary 

intake. The cocktail of metabolites present, and the concentration in which they are 

found reflects an organism’s physiological state, as well as provide insights into the 

ongoing metabolic processes. 

 

1.4.1. Amino Acids 

Amino acids serve as the fundamental building blocks to proteins and play a vital 

role in various metabolic pathways. They are classified as either essential or non-

essential. The essential amino acids (histidine, isoleucine, leucine, lysine, 

methionine, phenylalanine, threonine, tryptophan, and valine) cannot be 

synthesised by the body and must be acquired through diet.[42] In contrast non-

essential amino acids (alanine, arginine, asparagine, aspartate, glutamate, 

glutamine, glycine, proline, serine, tyrosine, and cysteine) can be produced from 

metabolic intermediates during pathways such as glycolysis.[42] These amino acids 

are involved in numerous physiological functions, including neurotransmission, 

immune response, and energy production.  

	

1.4.2. Carbohydrates 

Carbohydrates, comprising sugars, starches and fibres represent the primary 

source of energy for cellular function. Beyond their role in energy metabolism, 

carbohydrates contribute to cellular structure, for example as components of 

glycoproteins and glycolipids that stabilise cell membranes and mediate cell-cell 

interactions. They also play key roles in biochemical signalling, such as during 
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immune recognition and hormone regulation, where carbohydrate moieties on cell 

surfaces enable communication between cells and the detection of foreign antigens. 

Several key metabolic pathways involve carbohydrates, including glycolysis and 

gluconeogenesis.[43] Glycolysis breaks down glucose into pyruvate, generating ATP 

and NADH, serving as a primary energy-producing process, particularly under 

anaerobic conditions.[43] Gluconeogenesis enables the synthesis of glucose from 

non-carbohydrate precursors such as lactate, glycerol, and amino acids, ensuring 

glucose availability during fasting or intense exercise.[43] Dysregulation of 

glycogenesis has been implicated in conditions such as hyperglycaemia, commonly 

observed in type 1 and 2 diabetes mellitus.  

 

1.4.3. Organic Acids 

Organic acids, a broad group of compounds containing one or more carboxyl 

groups, serve as key intermediates in cellular respiration and metabolic 

regulation.[44] They are integral to energy production, pH balance, and various 

biosynthetic processes.[44] Citric acid and succinate are central to the Krebs cycle, 

where they contribute to ATP generation through oxidative phosphorylation. Lactic 

acid and pyruvic acid are involved in glycolysis, facilitating energy production under 

anaerobic conditions. Acetic acid plays a key role in the fatty acid cycle, supporting 

lipid metabolism and energy homeostasis. Organic acids are particularly relevant in 

urine metabolomics, as they are excreted as metabolic waste products, providing 

insights into systemic biochemical activity.[44] 	
 

1.4.4. Lipids 

Lipids, encompassing fats and oils, serve critical functions in energy storage, cell 

membrane integrity and cell signalling. They are fundamental to the organisation of 

life, forming the structural matrix of biological membranes that enable the 

compartmentalisation of metabolic processes and the establishment of controlled 

microenvironments. This compartmentalisation allows for the spatial and temporal 

regulation of biochemical reactions, maintaining homeostasis and facilitating 

complex cellular functions such as protein sorting, ion transport, and signal 

transduction.  
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Beyond structural roles, lipids also act as key mediators in cellular communication. 

Phospholipids, sphingolipids, and sterols contribute to membrane fluidity and serve 

as precursors to potent signalling molecules, including prostaglandins, eicosanoids, 

and steroid hormones. These bioactive lipids regulate diverse physiological 

processes, from inflammation and immune response to growth and metabolism. 

 

The diversity of lipid species, collectively known as the lipidome, is immense, 

encompassing thousands of structurally distinct molecules. This complexity reflects 

their extensive involvement in nearly all aspects of cell biology, from energy 

metabolism and membrane trafficking to signal transduction and apoptosis. Lipids 

are primarily synthesised in the liver but can also be acquired through dietary intake. 

Lipid metabolism is tightly regulated, as imbalances can contribute to metabolic 

disorders such as obesity, non-alcoholic fatty liver disease, and cardiovascular 

disease.  

 

1.5. Biological Fluids 

A biological fluid, shortened to biofluid, is any liquid found within an organism.[45] 

Biofluids, such as urine and blood, are routinely used in healthcare settings to 

monitor patients' health and diagnose diseases. The diversity of biofluids produced 

by mammals allow for the examination of a wide range of physiological conditions 

and pathologies.[46] 

 

1.5.1. Blood 

Blood is produced in the bone marrow through haematopoiesis. It consists of plasma 

(liquid component), red blood cells (carrier of oxygen), white blood cells (immune 

system cells), and platelets (facilitating clotting).[47–49] Functionally, blood is central 

to maintaining homeostasis, including transporting nutrients from the digestive tract 

to tissues, delivering oxygen to cells, and removing metabolic waste, including 

carbon dioxide expelled through the lungs.[48] 

 

Blood circulates throughout the body and interacts with all organs and tissues; it 

provides a snapshot of the body’s overall metabolic state at any given time. The 

blood metabolome is composed of glucose, lipids, and amino acids, along with other 
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biomolecules, such as haemoglobin and plasma proteins, that reflect physiological 

and pathological conditions.[50] The composition makes blood an invaluable biofluid 

for studying systemic diseases such as cancer, multiple sclerosis, cardiovascular 

disease, and Alzheimer’s disease.[51–53] 

 

However, while blood is a valuable biofluid for diagnosing multiple diseases, it also 

has its limitations. The collection procedure is invasive, and the high abundance of 

proteins can also interfere with the detection of low-abundance metabolites.[54] The 

most common method of blood collection is venipuncture, where a needle is inserted 

into a vein, typically in the arm, to draw blood. This procedure can cause discomfort 

and pain and requires a trained specialist. Additionally, if not performed correctly, it 

carries a risk of infection. Another method is the fingerstick, a minimally invasive 

procedure where a small, sharp lancet is used to prick the finger to obtain a drop of 

blood. This method is commonly used for small-volume samples, such as blood 

glucose testing or certain rapid tests.[55] However, this method is limited by the small 

volume of blood collected and variations in metabolite concentrations based on the 

sample's collection location. 

 

Blood is often processed in its serum or plasma form. To obtain serum, blood is 

drawn and allowed to clot. The clot is then removed by centrifugation, leaving the 

clear, yellowish fluid called serum. In contrast, plasma is the liquid portion of blood 

in which blood cells are suspended. Plasma is obtained by drawing blood and 

adding an anticoagulant to prevent clotting. The blood is then centrifuged to 

separate the plasma from the blood cells. Common anticoagulants include 

ethylenediaminetetraacetic acid (EDTA), heparin, and citrate. However, these 

additives can interact with the sample and influence analytical outcomes. For 

instance, EDTA chelates divalent metal ions such as Ca2+ and Mg2+, potentially 

altering enzyme activity and metabolite stability. Heparin can interfere with lipid and 

protein binding assays, while citrate dilution can affect ion balance and metabolite 

quantification. In NMR metabolomics, such interferences are particularly important, 

as EDTA and citrate produce characteristic spectral peaks that can obscure nearby 

metabolite resonances and complicate spectral interpretation. These can interact 

with the sample causing issues in correctly interpreting the results leading to 

misdiagnoses.  
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1.5.2. Urine  

Urine is a waste product produced by the kidneys through a process of filtration, 

reabsorption, and secretion.[56] This process removes metabolic waste, toxins, and 

excess water from the bloodstream, maintaining electrolyte balance and 

homeostasis.[56] Unlike blood, which circulates continuously throughout the body, 

urine is an excretory biofluid that reflects metabolic waste products rather than 

ongoing systemic activity. Urine contains a diverse array of water-soluble 

metabolites, including urea, creatinine, citrate, and amino acids. Urea is a byproduct 

of amino acid metabolism to detoxify ammonia. This prevents ammonia 

accumulation, which could otherwise lead to neurotoxicity. 	
 

Urines metabolic composition is primarily influenced by renal function, hydration 

status and diet rather than direct interactions with all tissues, as seen with blood. 

This makes urine a particularly valuable biofluid for assessing renal function, 

metabolic disorders, and systemic toxin accumulation. Urine has been widely used 

in metabolomic studies, particularly to investigate diseases like diabetes, kidney 

diseases and cancer. [57–60]  

 

Since the kidneys filter blood plasma and excrete waste, many metabolic disruptions 

associated with disease, such as altered glucose metabolism in diabetes or 

abnormal protein excretion in kidney disease, are reflected in urine composition. 

Unlike blood, where proteins and cells are abundant, urine from healthy individuals 

is typically devoid of these compounds. The presence of proteins or blood cells can 

indicate underlying health conditions, such as proteinuria in diabetic nephropathy or 

glomerulonephritis, and haematuria associated with urinary tract infections, kidney 

stones, or malignancies of the urinary tract. This makes urine a sensitive marker for 

renal and systemic disease.[61] One of urine’s major advantages in metabolomics is 

its non-invasive collection method. Unlike blood, which requires venipuncture or 

fingerprick sampling, urine can be collected easily, painlessly, and in large volumes, 

making it an ideal biofluid for longitudinal studies that require multiple time-points 

collections. However, urine has inherent challenges from highly variable metabolites 

depending on the individual's hydration status, diet and physical activity which can 

pose challenges in data interpretation. 
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1.5.3. Cerebrospinal Fluid 

Cerebrospinal fluid (CSF) is a clear, colourless biofluid that surrounds and protects 

the brain and spinal cord, providing both mechanical cushioning and nutrient 

exchange system for the central nervous system (CNS).[62] CSF plays a crucial role 

in removing metabolic waste, maintaining intracranial pressure, and transporting 

signalling molecules, nutrients, and metabolites between the brain and 

bloodstream.[62]  

 
Figure 1 - Cerebrospinal fluid collection sites on canines. 

 

Due to its direct interaction with the CNS, CSF is a highly relevant biofluid for 

diagnosing and studying neurological diseases. It has been widely used in the 

investigation of conditions such as Alzheimer’s disease, Parkinson’s disease, and 

multiple sclerosis as well as CNS infections like meningitis and encephalitis.[62–65] 

Unlike blood, and urine, which reflect systemic metabolic activity, CSF is unique in 

its ability to provide a direct biochemical snapshot of brain metabolism, making it a 

powerful tool in metabolomics.  

 

CSF is primarily produced by the choroid plexus within the ventricles of the brain 

and circulates through the ventricular system, subarachnoid space, and spinal canal 

before being reabsorbed into the bloodstream.[66] Its composition is tightly regulated 

and includes key metabolites such as glucose, lactate, and amino acids.[66]   

 

In diseased states, CSF composition can be altered exhibiting proteins, abnormal 

metabolite profiles, and inflammatory markers, providing insights into 
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neurodegenerative and neuroinflammatory processes.[67] Since the blood-brain 

barrier (BBB) tightly regulates molecular exchange between the blood and CSF, 

many brain-specific diseases can be detected in CSF rather than in blood. [62,65] 

 

Despite its diagnostic value, CSF extraction is highly invasive, requiring lumbar 

puncture (spinal tap) to collect the fluid. This procedure carries risk such as 

headaches, infections nerve damaged and, in rare cases, brain herniation, making 

it a less frequently utilised biofluid compared to blood and urine. Due to these risks, 

CSF sampling is generally reserved for critical cases where brain-related pathology 

is suspected.[67] 

 

Additionally, while CSF is an excellent medium for detecting neurological 

biomarkers, its lower metabolite concentration compared to blood and urine requires 

highly sensitive analytical techniques, posing challenges for metabolomics studies. 

Typically, total metabolite concentrations in CSF fall within the tens to hundreds of 

micromolar range, roughly one to two orders of magnitude lower than those in 

plasma or urine, where concentrations commonly reach millimolar levels. This 

reduced abundance reflects the restrictive nature of the blood-brain barrier but also 

ensures that detected metabolites are closely associated with central nervous 

system metabolism. However, its low protein content compared to blood makes it 

advantageous for detecting small molecules without significant interference.  

 

1.5.4. Saliva 

Saliva is a readily accessible, non-invasive biofluid that has gained increasing 

interest in clinical and metabolomic research.[68–70] Compared to other biofluids, 

saliva contains fewer NMR detectable metabolites with approximately 20–50 

metabolites identified, depending on the sensitivity of the analytical technique 

used.[68–70] The metabolomic composition of saliva includes electrolytes, amino 

acids, organic acids, and enzymes, though their concentrations are significantly 

lower than in blood or urine.  
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Table 1 - Comparison of common biofluids used in NMR-based metabolomics 

Biofluid  Detectable metabolites (¹H NMR) Metabolite range Advantages Disadvantages 

Blood 

100–150: Amino acids, organic acids, 
glucose, lactate, lipids, ketone bodies, 
creatinine, choline-containing 
compounds 

100 µM – 10 mM 
Reflects systemic metabolism; 
widely validated; good 
reproducibility 

Invasive collection; high protein 
and lipid content can obscure 
low-abundance metabolites 

Urine 
150–300: Amino acids, organic acids, 
sugars, creatinine, urea, hippurate, 
citrate, phenolic compounds 

1 mM – 100 mM 
Non-invasive; large sample 
volume; suitable for longitudinal 
studies; rich metabolite diversity 

High variability due to hydration, 
diet, and diurnal effects 

CSF 

50–100: Amino acids, 
neurotransmitters (glutamate, GABA), 
lactate, glucose, ketone bodies, 
choline derivatives 

10 µM – 500 µM 
Direct insight into central nervous 
system metabolism; low protein 
content reduces interference 

Invasive collection; low 
metabolite concentrations 
require sensitive methods 

Saliva 20–50: Amino acids, organic acids, 
urea, lactate, sugars, ethanol, acetate 1 µM – 100 µM 

Easy, non-invasive collection; 
useful for stress, infection, and 
oral disease studies 

Fewer detectable metabolites; 
influenced by flow rate, oral 
microbiome, and contamination 
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Due to its ease of collection, saliva has been widely utilised in virology through 

polymerase chain reaction (PCR) for the detection of viruses such as SARS-CoV-

2, HIV, and hepatitis.[71] In addition, saliva has been employed in metabolomic 

studies for distinguishing cigarette smokers from non-smokers, as well as to 

investigate conditions such as Parkinson’s disease.[68–70] 

 

Despite its advantages, saliva presents several challenges that limit its utility in 

metabolomic research. The fluid has a lower concentration and diversity of 

metabolites compared to blood, urine and CSF making it harder to detect meaningful 

biochemical changes. In addition to this environmental and dietary contamination 

plagues the biofluid.  Furthermore, salivary metabolite levels can fluctuate based 

upon factors such as hydration, stress, circadian rhythms and food intake, reducing 

reproducibility in metabolomic studies. 	
 

While saliva remains a promising biofluid, these limitations reduced its suitability for 

detecting systemic metabolic changes, particularly in diseases that affect multiple 

organ systems.[69,72] As such saliva was not included in this research due to its lower 

diagnostic potential compared to blood, urine and CSF.  

 

In addition to saliva, other biofluids such as breastmilk, nipple aspirate, synovial 

fluid, sweat, tears, bile, and stool were not analysed in this research. These fluids 

were excluded due to factors relating to limited sample availability due to potential 

invasive procedures, smaller sample volumes making it harder to detect metabolites 

at bNMR scale as well as reduced widespread clinical application. By focusing on 

blood, urine, and CSF this study prioritises biofluids with the highest metabolic 

information content and clinical relevance, ensuring a comprehensive yet feasible 

approach to disease biomarker discovery. 

	
 

1.6. Analytical techniques in metabolomics 

The selection of an appropriate analytical platform is fundamental to effective 

metabolite analysis, with each method offering distinct advantages and limitation 

that must be evaluated within the context of specific research objectives. 

Metabolomic studies can be conducted using either targeted or untargeted 
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approaches. Untargeted analysis examines the entire metabolome, without 

requiring prior knowledge of specific compounds, rendering it particularly valuable 

for novel biomarker discovery.  

 

Conversely, targeted analysis focuses on the identification and quantification of 

predefined metabolites, making it well suited for diagnostic applications where 

disease biomarkers or substantial system knowledge has been previously 

examined. Due to the exploratory nature of this research, an untargeted approach 

was implemented to maximise discovery potential of new disease biomarkers.  

 

For a technique to be best suited for widescale adoption for detection, diagnostics 

and prevention in a clinical setting, the methodology must demonstrate suitable 

sensitivity with high reproducibility, cost-effectiveness, and robust high-throughput 

capabilities. The following section explores different analytical techniques employed 

in metabolomic research, along with examining their respective attributes. 

 

1.6.1. Raman Spectroscopy 

Raman spectroscopy (RS) provides chemical structural information through 

observation of light scattering and molecular interactions. This non-destructive 

technique demonstrates versatility in both organic and non-organic analysis 

establishing the device as a universal detector.[73] While RS offers quantitative 

capabilities, accurate calibration with reference standards are required for reliable 

quantification. A significant methodological limitation arises from florescence 

interference, which compromises spectral integrity due to the techniques inability to 

distinguish fluorescent interference and Raman scattering.[73] This is especially 

problematic for metabolomics as fluorescence is frequently observed in biological 

matrices containing proteins, lipids, and pigments present in blood samples. 

Therefore, more complex sample preparation is required to mitigate these 

challenges.  

 

The method also faces significant sensitivity limitations due to the minimal 

proportion of light (0.0000001%) that undergoes Raman scattering.[73] Enhanced 

detection sensitivity can be achieved through increased laser intensity; although, 

this introduces the potential risk of sample degradation, increased instrument costs 



 43 

and increased sample processing costs. Surface-enhanced Raman spectroscopy 

(SERS) employs this principle to deliver improved sensitivity in the nanomolar range 

compared to conventional RS operating in the micromolar detection range. 

Nevertheless, this improved detection limit requires complex and costly nanoparticle 

preparation procedures. Despite these technical considerations SERS has been 

used for diverse metabolomic applications, including the analysis of glucose and 

lactate in CSF, lactic acid in blood, as well as creatinine and urea in urine.[74–76] Even 

though RS has demonstrated research application in metabolomic investigation, 

widespread clinical implementation remains constrained by the absence of 

standardised preprocessing protocol and enhanced reproducibility.[77]  

 

1.6.2. Infrared spectroscopy 

Infrared spectroscopy (IR), particularly Fourier transform infrared spectroscopy 

(FTIR) offers advantages within the metabolomic landscape, including minimal 

operating costs and sample preparation requirements as well as high-throughput 

capabilities.  

 

However, the technique demonstrates inherent limitation with ambiguous metabolite 

identification in complex biofluids occurring due to overlapping IR bands, much like 

the challenges observed in RS. Furthermore, IR methodologies yield semi-

quantitative analysis requiring calibration against known standards and cannot 

provide detailed structural information like that available through NMR. 

 

Notable research applications of IR encompass the differentiation of enantiomeric 

N-acetylhexosamines in biological fluids and the identification of oxidative stress 

biomarkers in plasma specimens obtained from patients exhibiting cognitive 

impairment, thus demonstrating potential diagnostic utility for neurodegenerative 

conditions such as Alzheimer's disease.[78] 

 

1.6.3. Ultraviolet-Visible Spectroscopy 

Ultraviolet-visible spectroscopy (UV-Vis) represents a relatively underutilised 

analytical platform within the metabolomics landscape, with comparatively limited 

implementation in comprehensive metabolomic investigations. The technique 



 44 

operates through the measurement of electromagnetic radiation absorption within 

the ultraviolet and visible spectral regions, facilitating the identification and 

quantification of specific metabolic entities based on their characteristic absorption 

profiles.[79] 

 

UV-Vis methodologies offer several advantageous attributes, including operational 

simplicity, rapid analytical throughput, minimal sample preparation requirements, 

non-destructive analytical capabilities, and favourable cost-effectiveness compared 

to more sophisticated instrumental platforms such as mass spectrometry.[79] 

However, these benefits are counterbalanced by inherent limitations regarding 

analytical sensitivity and molecular selectivity, alongside restricted structural 

elucidation capabilities.[79] The intrinsically complex spectral matrices encountered 

in biological fluids present significant analytical challenges due to the presence of 

multiple absorbing compounds that generate substantial spectral overlap 

phenomena, thereby complicating accurate metabolite quantification.[79] Despite 

these methodological constraints, the straightforward implementation and economic 

accessibility of UV-Vis spectroscopy render it potentially valuable for routine 

analytical applications where metabolite specificity requirements are less stringent. 

 

Research applications of UV-Vis in metabolomic investigations include haemoglobin 

quantification in biological specimens and the detection of stress-related biomarkers 

including cortisol, serotonin, dopamine, norepinephrine, and neuropeptide Y.[80,81] 

31These applications demonstrate the technique's potential utility in specific 

metabolomic contexts, particularly when implemented as a complementary 

analytical approach within multi-platform investigative frameworks. 

 

1.6.4. Mass Spectrometry 

Mass spectrometry (MS) is an analytical technique used to measure the mass-to-

charge (𝑚/𝑧) ratio of ions present in a sample. This method is highly sensitive and 

can detect and quantify over a thousand metabolites, making it an invaluable tool in 

various scientific fields.[82] MS works by ionizing chemical compounds to generate 

charged molecules or molecule fragments and measuring their mass-to-charge 

ratios. The resulting data provides detailed information about the molecular weight 

and structure of the analytes, which can be used to identify and quantify them. 
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The integration of chromatographic techniques, especially gas chromatography 

(GC) and liquid chromatography (LC), enhances the ability of MS to provide a highly 

quantitative and precise analysis of compounds in a sample. Each coupled 

technique exhibits distinct strengths and weaknesses.[83] The capabilities of GC 

coupled with MS (GC-MS) demonstrates analytical ability for volatile and low-

molecular-weight metabolites, establishing utility in lipidomic analysis, fatty acid 

profiling, and characterisation of volatile organic compounds.[84]  

 

For instance, GC-MS has been employed to investigate serum fatty acid profiles to 

identify potential biomarkers for Alzheimer’s disease.[85] Additionally, it has been 

utilised to study alterations in host metabolism due to gut microbiota changes in 

mice, revealing key pathway modifications associated with aging.[86] Furthermore, 

GC-MS has shown promise in breathomics, demonstrating potential in diagnosing 

influenza infections through the analysis of breath condensate.[87] However, GC-

MS’s application is limited to thermally stable compounds due to the high 

temperatures (up to 400˚C) involved, resulting in a comparatively narrower 

metabolite coverage than LC-based platforms.85 

 

LC-MS encompasses a broader spectrum of metabolites, from small polar 

molecules to complex lipids and peptides.[88] While LC methodologies demonstrate 

excellent sensitivity parameters and widespread implementation in targeted 

metabolomic investigations, they require sophisticated method development 

protocols for the optimisation of stationary phases, mobile phase compositions, and 

elution gradients. Significant methodological challenges include retention time 

variability across analytical sequences, matrix-induced ion suppression 

phenomena, and labour-intensive sample preparation requirements for the 

elimination of interfering proteins and lipids from biological matrices. LC-MS has 

been applied in metabolomics to explore pathways in Huntington disease, 

cardiovascular diseases, as well as in gum diseases like gingivitis.[89–91] 

 

Capillary electrophoresis (CE) coupled with MS is another technique gaining traction 

in metabolomics. CE-MS provides high separation efficiency for ionic and highly 

polar metabolic, including amino acids, nucleotides, and organic acids, while 

requiring minimal sample preparation.[92,93] However, the methodology may exhibit 
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sensitivity limitations and reproducibility challenges attributable to migration time 

fluctuations. Although CE-MS has shown to have relative low running costs with 

good quantification accuracy, the technique currently lacks a sufficient database of 

studies and metabolites available for use in current widespread metabolomics 

applications.[93,94] Moreover, while praised for simpler sample preparation compared 

to other coupled MS techniques, these procedures can still be more involved and 

time-consuming than those used in IR and NMR spectroscopy.[92] 

 
Figure 2 - Workflow for blood sample preparation for mass spectrometry (MS) metabolomics.   Whole blood is 
collected in anticoagulant tubes (e.g., EDTA) and centrifuged to separate plasma or serum from cells. Proteins 
are precipitated using organic solvents, and the metabolite-containing supernatant is collected. Optional lipid 
extraction and sample concentration/drying steps can be performed before reconstitution in an MS-compatible 
solvent. Additional steps such as filtration may be included to remove particulates. Prepared samples are then 
analysed by LC-MS to profile the metabolome. 

 A notable advantage of MS and its coupled techniques have been its suitability for 

targeted analysis when the specific analytes of interest are known, allowing for 

accurate detection and quantification of targeted metabolites. While the initial cost 

of a mass spectrometer is relatively affordable and the instrument is more space-

efficient compared to high-field NMR (HF-NMR) spectrometers, typically MS 

platforms range from approximately £150,000 - £600,000 depending on resolution 

and configuration, whereas HF-NMR systems often exceed £400,000 - £1,000,000. 

However, the per-sample cost for MS analysis is considerably higher, typically £10 

- £30 per sample due to consumables, solvents, and derivatisation steps, compared 

to under £5 per sample for NMR, which requires minimal preparation steps.[95]  
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1.6.5. Nuclear Magnetic Resonance 

NMR is a widely used analytical technique employed across various fields, including 

chemistry, pharmaceutical testing, and the food industry.[26] It operates on the 

principle that certain atomic nuclei, when placed in a strong external magnetic field, 

absorb and re-emit electromagnetic radiation, producing a spectrum that can be 

recorded and analysed.[96–99] More information on NMR theory is provided in 

Chapter 3. NMR is a versatile, non-destructive analytical tool with excellent 

capability for providing detailed structural information, even in complex samples.[31] 

One of its key advantages over MS is the simplicity of sample preparation, which 

enhances reproducibility and enables rapid analysis.[31] Due to these strengths, 

NMR has become a popular techniques for metabolomic analysis.[100]  

 

The most commonly used nuclei in NMR metabolomic studies is 1H, due to its high 

natural abundance and strong signal intensity. However other active nuclei, such as 
13C, 15N, and 31P, have also been used for metabolomic studies.[100] This versatility 

of the technique has led to a wide range of biofluids being analysed, including blood 

plasma, urine and saliva, as well as less conventional samples like CSF, nipple 

aspirate and breath condensate.[100,101] 

 

Despite its advantages, NMR’s minimal sample preparation protocols have 

drawbacks. Limited removal of macromolecules and other interfering substances 

can introduce unwanted signals, negatively impacting nearby compounds.[31,100] 

To mitigate these issues, researchers have developed improved sample preparation 

methods and applied specialised pulse sequences.[102] A key limitation of NMR 

compared to MS is its lower sensitivity. While the cost of high-field instruments 

increases exponentially, NMR resolution scales linearly with magnetic field 

strength.[100] At current field strengths, NMR is 10 to 100 times less sensitive than 

LC-MS and GC-MS. While NMR typically detects 50-100 metabolites at 

concentrations >1µM, LC-MS can identify over a thousand metabolites at levels as 

low as 10-100 nM.[100]  
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Figure 3 – Workflow for biofluid sample preparation for ¹H NMR metabolomics.  Samples (urine, plasma, saliva, 
or CSF) are first centrifuged or filtered to remove cells and debris. A deuterated buffer containing a chemical 
shift reference (e.g., TSP or formate) and preservatives (e.g., NaN₃) is prepared and mixed with the sample, 
typically in a 9:1 or 8:2 ratio. The mixture is transferred to an NMR tube (e.g., 550 µL in a 5 mm tube or a volume 
compatible with benchtop NMR) for spectral acquisition. The ¹H NMR spectrum can then be directly recorded 
without further sample processing. 

 

Although magnetic resonance imaging (MRI), NMR’s closely related counterpart, is 

extensively utilised in healthcare, NMR itself has not yet seen widespread 

adoption.[103] This is largely due to the high cost of high-field NMR (HF-NMR) 

instruments, lower sensitivity, their substantial space requirements, and the ongoing 

expenses of cryogenic maintenance with liquid nitrogen and helium.[104] However, 

recent developments have increased interest in NMR-based metabolomics for 

private healthcare assessments, with companies like Nightingale Health offering 

diagnostic services.[105]  

 

Despite these advancements, NMR remains expensive and is not yet viable as a 

cost-effective screening tool.[105] Nonetheless, ongoing innovations are driving 

reductions in the cost of NMR analysis.  

 

1.6.6. Benchtop NMR 

Over the past two decades, major developments in permanent magnet systems 

have led to the development of small, inexpensive benchtop NMR (bNMR) 

spectrometers.[106] While the reduced cost and size of these machines could allow 

for their implementation in local healthcare settings, they have lower sensitivity and 

resolution compared to their superconducting counterpart HF-NMR spectrometers. 

These instruments, typically operating at 0.5 – 2.5 Tesla (T), offer a practical 

alternative to HF-NMR systems, particularly in settings where cost, space (shown in 

Figure 4), and accessibility are limiting factors.[106,107] While bNMR has the potential 
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to be integrated into local healthcare settings, its lower sensitivity and resolution 

compared to HF-NMR raise questions about its effectiveness for metabolic analysis 

and disease diagnostics. 

 

 
Figure 4 - HF-NMR (left) compared to Benchtop NMR (right) in size. 

 

Ongoing research seeks to determine whether bNMR can reliably detect clinically 

relevant metabolites and whether it could supplement or even replace current 

diagnostic techniques. Although its capabilities are still being evaluated, recent 

studies have explored bNMR’s applications in metabolomics, particularly in areas 

such as diabetes and tuberculosis.[72,108–114] These studies highlight the growing 

interest in leveraging bNMR for reduced sensitivity biomarker discovery and clinical 

decision-making. 

 

Given the expanding range of potential applications for bNMR, it is crucial to assess 

the breadth and depth of existing research in this field. The following chapter 

presents a literature review of bNMR applications, examining its use across various 

domains from biomedical research to quality control in pharmaceuticals and food 

science. By reviewing the current state of bNMR research, its strengths, limitations 

and future prospects in metabolomics and beyond can be evaluated. 
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Chapter 2 Review of bNMR applications 

A systematic literature search was conducted to explore the applications of bNMR 

in academia over the past decade, spanning from 2014 to 2024. The investigation 

employed a rigorous, multi-database approach to ensure a comprehensive 

coverage of scientific literature with emphasis on metabolomics.  

 

Three databases were used for this review: Scopus,[115] PubMed,[116] and Web of 

Science.[117] Each database was constructed with search terms designed to capture 

relevant applications of bNMR. These specific search terms, which can be found in 

Table 2, focus on the liquid state application of small-scale permanent magnet 

systems with MRI applications excluded from this search.   

 
Table 2 - Search strategy and results for the systematic review across three databases. 

Database Keywords Results 

Web of 

Science 

(((benchtop NMR) OR (Low-field NMR)) NOT (MRI) NOT 

(Imaging) NOT (solid) NOT (gas) NOT (relax*)) 

 

(n= 387) 

PubMed (((benchtop NMR) OR (Low-field NMR)) NOT (MRI) NOT 

(Imaging) NOT (solid) NOT (gas) NOT (relax*)) 

 

(n = 613) 

Scopus TITLE-ABS-KEY ( "benchtop NMR" OR "Low-field NMR" ) 

AND TITLE-ABS-KEY ( "Metab*" OR "detect" OR "diagnose" 

) AND NOT ( "MRI" OR "Imaging" OR "solid" OR "gas" OR 

"relax*" OR "rock" OR "moist*" )  

(n = 35) 

 

 

Following an initial search of journal articles Web of Science produced 387 articles, 

PubMed generated 613 articles, and Scopus identified 35 articles. The Scopus 

search incorporated additional refinement by including keywords related to 

metabolic analysis, detection, and diagnostic applications. Selection criteria were 

applied to ensure the review's focus and quality. Only full English-language journal 

articles and reviews published between January 1, 2014, and December 31, 2024, 

were considered. This allowed for a comprehensive examination of recent 

technological developments and research trends in bNMR applications. 
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The corresponding papers were then exported to the reference management 

software Zotero (version 6.0.37) with duplicates removed.[118] The data was then 

exported to Rayyan to facilitate screening, selection and categorisation.[119] A full 

breakdown of the number of papers that were identified, screened and included can 

be found in Figure 5. 

 

 
Figure 5 - PRISMA flow diagram of the included journal articles and how they were processed. 

 

The initial search identified 1,035 articles. After removing duplicates, and screening 

for relevance, the final analysis focused on 118 primary research articles, 

supplemented by 10 review papers. 

 

A data extraction protocol was implemented to capture research parameters 

including the publication year, research category, investigated nuclei, pulse 

sequences, acquisition parameters, and magnetic field strengths. The extracted 

data revealed insights into the evolution of bNMR technology and its interdisciplinary 

applications. Notably, an observable correlation emerged between technological 

advancements, magnetic field strength improvements (Figure 6), and increased 

research output (Figure 7). The research landscape demonstrated remarkable 

breadth, encompassing diverse scientific domains including food science, method 
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development, forensic science, flow and reaction monitoring, quality control, 

pharmaceutical research, material science, hyperpolarization, metabolomics, and 

environmental analysis. 

 

 
Figure 6 - Yearly breakdown of bNMR magnet strengths present in journal articles from 2014 to 2024. 

 

The data presented in Figure 7 shows a steady increase in bNMR research, 

particularly in applied sciences such as food science, metabolomics and method 

development. The sharp increase in research from 2020, and its decrease in the 

subsequent two years, is most likely due to the pandemic at the time limiting the 

time allowed for researchers to conduct experiments in labs. 

  

It should be noted that more than one category could be present from each article. 

From the topics discussed in the articles 34 were related to food science, 25 on 

method development, 25 on forensic science, 23 on flow and reaction monitoring, 

22 were on quality control, 21 about pharmaceuticals and drugs, 18 on material 

science, 16 on hyperpolarization, 10 on metabolomics, and 10 on environmental 

analysis. The emergence of hyperpolarization techniques aligns with technological 

advancements, enhancing bNMR sensitivity and extending its practical applications. 

This increasing trend suggests that bNMR is evolving into a widely adopted tool for 
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diverse scientific fields, bridging fundamental research and real-world applications. 

Each category will be subsequently discussed on its applications and development.  

 

 
Figure 7 - Yearly breakdown of bNMR research categories present in journal articles from 2014 to 2024.  

 

2.1. Food Science 

The food industry faces increasing pressure to ensure product authenticity, quality 

and safety.[120,121] bNMR emerges as a transformative analytical technique, offering 

rapid, cost-effective analysis, with minimal sample preparation requirements. This 

is highly advantageous to food science analysis. Notably, this systematic literature 

review revealed food science as the most prominent application of bNMR in 

academic research over the past decade which showed emphasised research 

efforts towards detecting food fraud and verifying product authenticity.[120–123] 

Several compelling case studies illustrate the technique's detection capabilities 

across various foods. 

 

One early example is bNMR’s use to detect horse meat.[121] During the deliberate 

horsemeat substitution scandal, researchers Jakes et al. (2015) developed a new 
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method capable of distinguishing between legitimate beef and counterfeit 

horsemeat within ten minutes.[121] Furthermore, they showed that the quicker 

analysis times, including freeze-thaw cycles of the meat, did not compromise the 

precision.[121] 

 

The authentication of high-value commodities represents another crucial application 

especially due to the potential health implications illegitimate food sources can have 

on the health of animals and humans.[121] Saffron has been particularly susceptible 

to fraudulent adulteration due to its high cost.[124–126] Utilising a 60 MHz bNMR 

spectrometer, researchers successfully developed a detection protocol revealing 

systemic adulteration patterns.[120] A comprehensive study by Gunning et al. (2023) 

examined 33 saffron samples, identifying abnormalities in seven suggesting 

widespread adulteration practices. 

 

bNMR has also shown utility in distinguishing between Arabica and Robusta coffee. 

Arabica coffee is more expensive due to its complex flavour and more challenging 

cultivation process, while Robusta coffee is generally cheaper because it is easier 

to grow and produces higher yields. Therefore, Arabica coffee can sometimes be 

supplemented with Robusta beans for financial gains. A key finding, found by 

Gunning et al. (2018), showed that the presence of 16-O-methylcafestol could be 

used as a marker for Arabica coffee.[122] The methodology reliably identified Robusta 

content at 20% concentration, with partial detection capabilities even at 10% 

adulteration levels.[122]  These results were exemplified at both 600 MHz and the 

aforementioned 60 MHz spectrometers with comparable precision achieved.[122] 

 

Additionally, bNMR has shown its application in identifying the location of origin of 

food products. Ozbay et al. (2024) revealed that bNMR coupled with chemometrics 

could authenticate honey based on botanical origin and detect adulteration with 

inexpensive sugar syrups.[123] Using 95 genuine honey samples (monofloral, 

polyfloral, and honeydew) and adulterated sets, multivariate models achieved 100% 

classification accuracy for monofloral honeys.[123] Supervised partial least squares 

(S-PLS) models demonstrated high sensitivity for quantifying adulterants, with 

detection limits as low as 0.96% in monofloral honeys.[123]  
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The emergence of bNMR as a powerful food authentication tool presents significant 

implications for regulatory frameworks and quality control practices. These studies 

highlight the effectiveness of bNMR as a cost-efficient, rapid tool for food 

authentication and fraud detection, with significant implications for quality control 

and regulatory practices.[123] As technological capabilities expand, legislative 

approaches must correspondingly evolve to incorporate these advanced verification 

methodologies. 

 

2.2. Method Development 

The evolving landscape of bNMR has had continuous methodological refinement, 

addressing fundamental technological limitations through innovative analytical 

approaches. Technological improvements in hardware and software have catalysed 

methodological developments, enabling further analytical capabilities. 

 

One of the most significant challenges inherent in bNMR spectroscopy is signal 

overlap, particularly when solvent signals such as water obscure surrounding 

chemical signals. Gouilleux et al. (2020) conducted an assessment of the optimal 

pulse sequence to be used on a 45 MHz spectrometer, with the application of 

metabolomics in mind.[127] Their research showed that the WET-180-NOESY (water 

suppression enhanced through T1 effects with 180˚ pulse and nuclear Overhauser 

effect spectroscopy) pulse sequence as the most effective technique, with 

WATERGATE (water suppression by gradient tailored excitation) and WET-CP 

(water suppression enhanced through T1 effects with composite pulse) 

demonstrating comparable performance.[127] A more comprehensive study of 

solvent suppression pulse sequences is explored in chapter 3.7. 

 

The field of bNMR has also been extensively explored through hyperpolarization to 

enhance the sensitivity of the device.[128] Hyperpolarization works by enhancing the 

NMR signal by increasing the population difference between nuclear spin states. 

Normally, the Boltzmann distribution (discussed in Chapter 3.1) results in only a very 

small excess of nuclear spins in the lower energy state, leading to inherently weak 

NMR signals. Hyperpolarization boosts this population difference, increasing signal 

intensities by several orders of magnitude, making previously undetectable 

metabolites visible.[129] Current methods that have been applied to bNMR include 
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dynamic nuclear polarization (DNP), parahydrogen-induced polarization (PHIP), 

and pure shift.[128] 	

 

The enhanced molecular detection capabilities of hyperpolarization therefore 

mitigates the persisting issues of sensitivity from bNMR.[128] While hyperpolarization 

offers unprecedented molecular detection capabilities, significant implementation 

challenges persist. Hyperpolarization remains expensive and complex, limiting its 

widespread industrial adoption.[128] Current applications remain predominantly 

confined to academic research environments, although companies such as 

NVISION are introducing the technology to the broad market.[128] 

 

The Duckett research group pioneered signal amplification by reversible exchange 

(SABRE), a hyperpolarization technique with signal enhancement capabilities.[128] 

Comparative studies by the Duckett group demonstrated a 250-fold signal 

enhancement in 400 MHz 9.4T experiments and a 3,100-fold signal enhancement 

in a 43 MHz 1T benchtop system.[128,129] The Duckett group further exemplified 

SABRE by combining it with another sensitivity-enhancing approach through 

sensitive, homogeneous, and resolved peaks in real time (SHARPER).[130] By 

removing the multiplicity signals could be further enhanced. This was demonstrated 

using 19F to enhance three fluoropyridines.[130] The researchers were then able to 

achieve a signal-to-noise ratio of 1370 using SABRE which was further increased 

to 23400 with SABRE-SHARPER.[130] This selective enhancement could be further 

developed into methods for routine micromolar limits of detection, which could be 

especially important in domains traditionally dominated by mass spectrometry 

techniques.[130] However, hyperpolarization techniques often require additional and 

expensive equipment. Furthermore, protocols can be complex with significant 

method development needed for optimising new experiments with the resulting 

sample processing capacity reduced. 

 

2.3. Forensic and Pharmaceutical applications 

Drug identification, quantitative analysis, and compound characterisation are further 

applications of bNMR over the past ten years. A study by Nowroozi et al. (2022) 

demonstrated bNMR's potential for pharmaceutical compound quantification. The 

research successfully determined phenytoin and phenobarbital concentrations with 



 57 

accuracy comparable to high-performance liquid chromatography (HPLC).[131] 

Critically, the bNMR methodology offered significant methodological advantages 

with minimal sample preparation requirements and quick experimental setup which 

could substantially reduce overall analysis times.[131] 

 

The rapidly evolving landscape of psychoactive substances presents significant 

challenges for forensic and pharmaceutical researchers. bNMR has emerged as a 

powerful analytical tool for addressing these complex identification challenges.[132] 

Lee et al. (2022) conducted a comprehensive investigation of methamphetamine 

and associated impurities, demonstrating bNMR's capability to perform quantitative 

analysis even in scenarios with substantial spectral overlap. This research 

underscores the technique's potential for forensic investigations involving complex 

chemical mixtures.[132] 

 

Multiple studies have explored bNMR's utility in analysing cannabinoid compounds 

and synthetic drugs. Aranda et al. (2020) successfully quantified 

tetrahydrocannabinol (THC) and cannabidiol (CBD) concentrations using bNMR 

techniques, providing a robust methodology for cannabinoid analysis.[133] Wu et al. 

(2021) presented a novel application of 19F bNMR for the detection of fluorinated 

synthetic cannabinoids. Their findings highlight the potential of this technique in 

routine forensic investigations, particularly for the identification of emerging 

synthetic drug compounds.[134] By offering rapid, precise, and versatile chemical 

analysis, bNMR addresses critical challenges in compound identification and 

quantification. 

 

2.4. Flow/ Reaction Monitoring 

Although samples are traditionally added to an NMR via a tube, they can also be 

flowed through the spectrometer. This is especially advantageous when you want 

to track and monitor a reaction. With a more cost-effective, easy-to-use, and 

movable device, both academics and industry have been able to apply this field to 

monitor reactions. 

 

Two-dimensional (2D) NMR experiments can encounter significant time-acquisition 

challenges, particularly at lower sensitivity ranges. Giraudeau's research group 
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pioneered an ultra-fast 2D method specifically designed to address this limitation. 

Their investigation demonstrated rapid correlation spectroscopy (COSY – later 

discussed in chapter 3.8.1) analysis using a 45 MHz (1T) bNMR, successfully 

analysing ethanol and executing complex reaction monitoring during the Heck-

Matsuda reaction.[135] 

 

Sagmeister et al. (2020) took a different approach to overcome the hurdle of 

overlapping peaks. By using multivariate analysis overlapping signals were able to 

be distinguished.[136] They also noted how removing buckets with background noise, 

reduced the error of the model.[136] Overall, Sagmeister et al. (2020) confirmed this 

application in four different validation mixtures ( salicylic acid, 3-nitro- salicylic acid, 

5-nitro- salicylic acid and dinitrated salicylic acid).[136] They concluded that short 

acquisition and relaxation times were advantageous to increase precision and real-

time measuring while maintaining accuracy.[136] 

 

Reaction monitoring has also been explored in other contexts. Claaßen et al. (2019) 

used the technique to monitor the conversion of an aromatic aldehyde to an 

aromatic amino alcohol.[137] The study further proposed that this approach holds 

significant potential for future applications, including the self-regulation of reactions 

involving toxic substrates and the tracking of catalyst modifications.[137] 

 

Hyperpolarization has also been employed in reaction monitoring to help increase 

bNMR’s sensitivity. Using the aforementioned SABRE technique, Jeong et al. 

(2023) showed how previously hidden proton signals in a drug molecule could be 

detected during a reaction with SABRE reaction monitoring.[138] This further 

increases the potential for bNMR to be used for reaction monitoring, especially 

where low concentrations may need to be detected like in drug development or 

toxicological applications.[138] However, research on reaction monitoring using 

bNMR has predominantly focused on simpler reactions that are easier to model. 

Therefore some gaps in the technologies limitations are still to be discovered.  

 

2.5. Material Science 

As regulatory requirements continue to adapt, the financial burden that can come 

with more robust legislation can become problematic for consumer providers. As 
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such, the industry adapts and pivots to explore techniques that can fulfil these 

legislative requirements while maintaining a low cost to analyse.  

 

Block et al. (2023) conducted a comprehensive study comparing multiple 

spectroscopic techniques for analysing organic acids and polysaccharides. Using 

Aloe Vera as a model system, Block et al. (2023) evaluated common techniques 

ultraviolet-visible (UV-vis) spectroscopy, near-infrared (NIR) spectroscopy, 

attenuated total reflectance Fourier-transformed infrared (ATR-FTIR) spectroscopy, 

high-performance liquid chromatography (HPLC),  and bNMR with HF-NMR serving 

as a reference.[139] Their findings demonstrated bNMR to be the most effective 

technique for analysing the majority of organic acids and sugars.[139] Furthermore, 

the study highlighted how bNMR can be used quantitatively  and remarked bNMR’s 

robustness, stability, precision, and reproducibility.[139] The experiments were 

conducted using an 80 MHz (1.88T) spectrometer, though the researchers 

encountered challenges due to signal overlap between isocitric acid and citric acid 

signals which rendered these metabolites unquantifiable.[139] However other key 

components, including aloverose, glucose, malic acid, lactic acid, acetic acid, 

magnesium, and calcium, were successfully validated for qNMR at the benchtop 

scale.[139] 

 

Microplastics remains a topic of serious environmental debate due to its potential 

hazard to the environment and food chain. Researchers Peez et al. (2022) used an 

80 MHz (1.88T) bNMR to find the limits of detection of three plastics, 

polyvinylchloride, polyethylene terephthalate, and polystyrene which are common 

plastics used in food packaging.[140] Impressively the researchers were able to 

confirm similar limits of detection to that employed at HF-NMR.[140] However, a 

critical methodological consideration emerged: while high-field NMR facilitated 

analysis within minutes, benchtop techniques required extended experimental 

durations exceeding two hours.[140] Nevertheless, they were able to show the 

quantitative use of bNMR for microplastic detection and further could help another 

important area in environmental analysis. This raises an important discussion on 

whether the extended analysis time is justified by the reduced cost and accessibility 

of benchtop systems.  
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2.6. Environmental Analysis 

Magnetic resonance in environmental analysis has been widely employed, 

especially for relaxometry based experiments in soil samples. However, these such 

studies were outside of the scope of this literature review and not investigated 

further due to their different bore size, magnetic strength and homogeneity.  

 

Chen et al. (2024) investigated toxic components found in wastewater. Using 19F 

COSY experiment the researchers were able to quickly (~two hours) quantify toxic 

compounds (fluorosurfactants).[141] The researchers opted for bNMR due to the 

technique’s ability to potentially quickly and cost-effectively detect toxic compounds 

in wastewater.[141] However, the previously used techniques LC-MS boasts a more 

impressive sensitivity than NMR and even more so than bNMR (1.4T magnet), 

therefore this study wanted to investigate if bNMR was sensitive enough to detect 

these compounds.[141] The study concluded that bNMR could effectively detect the 

fluorosurfactants. 

 

The production of bio-oils produced from the decomposition process of plant-based 

matter represents a significant advancement in the development of sustainable fuel 

alternatives.138 Tang et al. (2023) employed 19F bNMR to analyse pyrolysis oils, 

successfully identifying key carbonyl-containing compounds, such as aldehydes, 

ketones and quinones, information that is not traditionally obtained through 

elemental analysis.[142]  Similarly, Makarova et al. (2021) investigated the polyphenol 

content and antioxidant capacity of Polish St John’s wort flowers, demonstrating the 

utility of bNMR in the compositional analysis of natural product extracts.[143]  

 

Environmental pollutants also require effective monitoring, particularly as traditional 

analytical techniques can be limited by their cost and accessibility.  In this context, 

bNMR spectroscopy emerges as a more cost effective and accessible tool. Heerah 

et al. (2020) investigated the degradation of a persistent organic pollutant, 

perfluorooctanoic acid, providing a critical framework for understanding bNMR’s 

potential in environmental analytical.[144] While the study demonstrated significant 

promise, further technological refinement is needed to overcome current analytical 

limitations.[144] 
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Critical evaluation suggests that bNMR spectroscopy represents an emerging 

analytical paradigm with considerable potential for environmental research and 

remediation technologies, contingent upon continued methodological innovation 

and technological advancement. 

 

2.7. Metabolomics 

The first published use of bNMR metabolomics was the analysis of urine from type 

II diabetes mellitus (T2DM) patients. Percival et al. (2019) identified 15 biomarkers 

for the disease at 60 MHz, concluding that bNMR was able to distinguish between 

diabetic and healthy controls, as well as quantify key biomarkers including glucose 

and creatinine.[108] However, the study also noted that intensity dampening of 

glucose was occurring due to the presaturation pulse sequence. This study was also 

reviewed and further tested by Leenders et al.  (2020) and Edgar et al. (2021), which 

agreed that bNMRs’ can be used for T2DM detection.  In particular, Edgar et al. 

(2021) suggested its future use for prediabetes detection.[109,110] One downside to 

these studies was the relatively low sample numbers, however this is more largely 

a problem in the field of metabolomics and health studies to have a high enough n 

number to meet sufficient statistical power. 

 

Sepsis is another disease which has been explored using bNMR. Stocchero et al. 

(2023) analysed urine to detect sepsis in newborn babies.[145] The researchers used 

the NOESY Presaturation experiment over 64 scans to acquire spectra in 10 

minutes.[145] Only 18 samples were collected for this study, ten of which were a 

sepsis group and eight of which were the control group.[145] They opted for intelligent 

binning to bucket the data with subsequent OPLS-DA analysis conducted.[145] Of 

particular interest were regions between 7.65–7.48, 1.58–1.47, and 1.47–1.40 ppm. 

Which achieved the significance threshold of p < 0.05 with area under the curve 

values above 0.8 that all had significant fold change increase in sepsis compared to 

the controls.[145] Stocchero et al. (2023) stated that they were unable to elucidate 

the metabolites in question that were responsible using bNMR and instead this was 

completed at HF-NMR.[145]  The study concluded that it was able to generate similar 

prediction performance to the MS data set and also agreed with Leenders et al.  

(2020) that both the bNMR and HF-NMR spectra share similar strong correlations 
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of metabolites. These researchers also say how bNMR meets the requirements for 

clinical applications.[145] 

 

Grootveld et al. (2022) were also the first to analyse saliva using bNMR. They used 

(1H) bNMR to detect 19 metabolites, with only five biomolecules being reliably 

quantifiable.[68] This can increase to a total of eight in the absence of signal 

overlap.[68] The research suggests that salivary metabolomics could also be a 

valuable tool for early detection and prevention of dental cavities in T2DM 

patients.[68] Although the study identified potential biomarkers that could be used for 

various diseases, further research is necessary to determine if these biomarkers 

can predict the development of dental cavities.[68] 

 

Studies have also been conducted on animal-based models for metabolomics. One 

such study is a preliminary study investigating chronic kidney disease (CKD) in the 

urine of cats.[60] Although the study was limited as only four samples (two healthy 

and two CKD) were used, the study still identified 15 metabolites, with results 

suggesting bNMR has the potential to be used for the detection of CKD.[60] Three 

metabolites, namely glycine, serine and threonine were identified as statistically 

significant in distinguishing CKD in the sample cohort, however, threonine and 

serine may be harder to detect as they were not identified in the annotated spectra.  

 

Tuberculosis (TB) was detected in the first bNMR blood study. Bovine TB (BTB) was 

distinguishable in the plasma bNMR profile of cows as compared to those diagnosed 

with paratuberculosis, paratuberculosis-vaccinated healthy controls, and healthy 

paratuberculosis-unvaccinated controls.[112] The authors did not identify the specific 

metabolites contributing to the significance of the bNMR PLS-DA model but did 

suggest a high correlation and predictive potential (R2 = 0.97, and Q2 = 0.36) from 

the model. The same research group also investigated TB in the urine of humans. 

Using bNMR they were able to identify 9 metabolites in the urine, 7 of which were 

biomarkers for TB distinction.[113] From PLS-DA, cases of TB were able to be 

discriminated from cases of pneumococcal pneumonia, latent TB infection (LTBI) 

and uninfected cases with an accuracy of 87.3%, 85.2% and 100% accuracy, 

respectively.[113] The same group also completed a study where TB in children was 

distinguished from healthy controls in urinary analysis using bNMR.[111] 
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Another blood study was conducted by Stolz et al. (2020) who investigated if 

glucose was still quantifiable using a 1 Telsa spectrometer in whole blood and 

plasma.[146] Heparin tubes were used for sample collection instead of EDTA tubes 

to avoid the large overlap of signals observed form EDTA tubes.145 Signals in 

spectra were fitted with a Gaussian or Lorentzian function and then integrated for 

quantification. The researchers opted to not use a T2 filter or solvent suppression 

technique in their acquisition, instead opting for a simple pulse acquire.[146] As a 

result signals are hard to decipher with only methanolic acid (internal standard), 

water, proteins, lipids and glucose being named as identifiable from the spectra at 

1.5 Tesla.145 These researchers were ultimately able to confirm that quantitative 

glucose analysis of whole blood and plasma is achievable by bNMR. 

 

Colitis has been investigated using faecal extracts from a mouse model, where a 

total of 19 metabolites were identified through bNMR.[114] The non-targeted 

multivariate analysis allowed for effective differentiation between healthy mice and 

those with ulcerative colitis.[114] The metabolite acetate emerged as particularly 

significant due to its large concentration in the diseased mice.113 This demonstrates 

the potential of bNMR in enhancing the understanding of colonic inflammation and 

dysbiosis, and its promise for point-of-care diagnostics. By using this non-invasive 

and efficient analytical technique, Song et al. (2023) were able to profile metabolites 

and gain valuable insights into potential biomarkers and underlying pathways. 

 

The research conducted in this field has been commendable in selecting diseases 

where bNMR analysis could significantly enhance detection capabilities. The 

chosen diseases are not only well-suited to this technique but also have high 

prevalence rates. For instance, T2DM affects 10.5% of the population, ulcerative 

colitis has a prevalence of 0.1%, CKD impacts up to 49% of cats aged 15 years and 

older, and TB remains one of the top 10 causes of death worldwide.[147–152] 

Nevertheless, to fully explore the potential and limitations of these techniques, 

studies with larger cohorts, including a wider range of diseases, biofluids, and pulse 

sequences, are essential. 
 

One of metabolomics’ main challenges is achieving sufficient water suppression due 

to the high concentration of water in biolfuids. There are three main physical and 

chemical attributes that contribute to making solvent suppression hard: radiation 
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dampening, the ‘faraway solvent’ effect, and the frequency instabilities.152 

Radiation dampening is proportional to the magnetic field strength and therefore has 

a reduced effect at the lower operating frequency of current bNMR 

spectrometers.[153,154] 

 

From the current published research of bNMR metabolomics, only three pulse 

sequences have been used. These are the presaturation (1D-Presat) pulsed 

sequence on the 60 MHz Magritek bNMR spectrometer [72,108–114], the NOESY 

presaturation pulse sequence on the 80 MHz Bruker bNMR spectrometer,[145] and 

the water suppression enhanced through T1 effects with a composite pulse (WET-

CP) on Oxford Instruments 60 MHz spectrometer.[60]  

 

Overall, more work can be done with the exploration of other pulse sequences for 

metabolomics.[153] Pulse sequences which can “filter out” proteins and other 

macromolecules such as the Carr-Purcell-Meiboom-Gill (CPMG) pulse sequence 

have also been absent from bNMR metabolomic studies. Therefore, future studies 

should employ an expanded range of pulse sequences. However, to understand the 

theory behind these pulse sequences, the theory of NMR needs to be discussed. 

 

2.8. Research Aims 

This research aims to evaluate the potential of bNMR spectroscopy for disease 

detection through metabolomic profiling across multiple biofluids and pathological 

conditions. Specifically, it seeks to determine whether bNMR can effectively 

distinguish between healthy and diseased states by analysing metabolic signatures 

in urine, blood plasma, and cerebrospinal fluid. Additionally, the study compares 

bNMR’s diagnostic performance to HF-NMR to assess its ability to detect disease-

associated metabolites. A key objective is to investigate whether bNMR can 

differentiate between varying disease severities, such as pre-diabetes and diabetes 

or different asthma severity levels. Furthermore, this research aims to identify the 

specific metabolites detectable by bNMR to be used for disease analysis. Finally, 

the study explores the broader applicability of bNMR as a cost-effective and scalable 

diagnostic tool, identifying potential refinements in sensitivity, pulse sequences, and 

sample preparation to enhance its clinical utility.	
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Chapter 3 NMR Theory 

The following chapter will lay the foundational knowledge of NMR spectroscopy 

necessary to understand its core concepts.  By establishing a solid understanding 

of these principles, the reader will be equipped to comprehend the methodology, 

results and discussions presented in subsequent chapters.  
 

3.1. Energy Levels 

An object with a rotational motion has angular momentum.[96,97] Spin is a form of 

angular momentum and is an intrinsic property of magnetic nuclei.[98] The nuclear 

spin angular momentum (𝑰) is influenced by the arrangement of protons and 

neutrons in the nucleus. Nuclei with no angular momentum, where both the number 

of neutrons and protons are even, are unobservable in NMR.[98] On the other hand, 

nuclei with unpaired nucleons have a spin angular momentum of a half-integer. The 

spin angular momentum is a positive integer if both the number of neutrons and 

protons are odd.[98] 

 

The spin quantum number, 𝑰, has 2𝐼 + 1 allowed energy levels, characterized by 

the magnetic quantum number 𝑚.[96] These energy transitions can only occur 

between adjacent 𝑚-states in singular integer steps, ranging from +𝐼 and −𝐼.[96,98] 

The magnitude of spin angular momentum is calculated by Equation 1, where ℏ is 

Planck’s constant (ℎ) divided by 2π.[96–98] 

 

ℏ6𝐼(𝐼 + 1) Equation 1 

1H nuclei have a spin angular momentum of ½ with two allowed energy transitions, 

the higher energy b state (𝑚 = − "
#
), and the lower energy a state (𝑚 = + "

#
). The 

spin angular momentum is also linked to the magnetic moment (µ), which describes 

the magnetic dipole's strength and orientation depending on the spin angular 

momentum and the gyromagnetic ratio (𝛾), as shown in Equation 2.[96–98] 

 

𝝁 = 	𝛾𝑰 Equation 2 
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The magnetic moment can align with the magnetic field where the gyromagnetic 

ratio is positive, or an alignment against the magnetic field where the gyromagnetic 

ratio is negative. In the absence of a magnetic field, the energy levels are 

degenerate and so there is no energy difference (∆𝐸). The energy difference is 

related to the external magnetic field (𝑩𝟎), the gyromagnetic ratio and Planck’s 

constant,	as described in Equation 3.[97,98] 

 

∆𝐸 =
ℎ𝛾𝑩!
2𝜋  Equation 3 

 

The two energy levels for a single spin-half nucleus in a magnetic field are shown in 

Equation 4 with the energy states dependent on 𝑚, where 𝑚 can be ±½. 
 

𝐸% = −𝑚ℏ𝛾𝑩! Equation 4 

 

The magnetization vector precesses around the magnetic field at a constant 

angle.[98] The frequency of this precession is known as the Larmor frequency (𝜐!	or 

𝜔!) and can be calculated by dividing the energy difference (as described in 

Equation 3) by Planck’s constant, as shown in the Equation 5 below. 
 

𝜐! =
−𝛾𝑩!
2𝜋  Equation 5 

 

The units for Equation 5 are expressed in Hertz, however, the Larmor frequency can 

also be provided in radians per second as presented in Equation 6 by the 

multiplication of 2𝜋. Nuclei with a positive gyromagnetic ratio, such as 1H, 13C, and 
19F, correspond to a negative Larmor frequency and, therefore, experience a 

clockwise rotation. 
 

𝜔! = −𝛾𝑩! Equation 6 

 

When in a state of thermal equilibrium, where no relative change occurs to the 

energy levels, the population of two energy states is dependent on the energy 

difference (as previously defined ∆𝐸 in Equation 3) and the thermal energy. Using 

𝑁& and 𝑁' to label the lower and upper energy levels, respectively, the population 
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ratio is defined by the Boltzmann distribution as in Equation 7 where 𝑘( is the 

Boltzmann constant (1.380649 x 10-23 J/K) and 𝑇 is the temperature.[97,98] 

 
𝑁'
𝑁&

= 𝑒𝑥𝑝	(
−∆𝐸
𝑘(𝑇

) Equation 7 

 

The relative population difference given by the Boltzmann distribution provides only 

a small excess of spins in the lower energy level for spectrometers operating at 300 

K.[98] For example, the population difference for protons in a 60 MHz spectrometer 

is only 1 in 106, but close to 6 in 105 in a 400 MHz instrument.[155] Higher-field 

instruments therefore are inherently more sensitive due to the larger population 

difference.[155] 

 

However, this difference between 𝑁& and 𝑁' can be increased by either changing 

the strength of the static magnetic field or by decreasing the temperature of the 

spins. However, achieving a significantly improved distribution of energy levels 

would require temperatures below freezing, leading to relaxation problems. 

 

The Boltzmann distribution describes the relative population of nuclei in different 

energy levels at thermal equilibrium. For spin ½ nuclei, such as 1H and 13C, there 

are only two energy levels: one with the magnetic moment aligned with the external 

magnetic field and one opposed to it. While individual spins can only be aligned to 

or against the field, the sum of the magnetic moments results in a small net 

alignment with the static magnetic field for nuclei with a positive gyromagnetic ratio. 

This net alignment produces what is called the bulk magnetization. 

 

3.2. Chemical Shift 

The magnetic field, 𝑩, of a nucleus in an atom or molecule is unique, which can 

differ from the external field to provide varying resonances. This local environment 

that surrounds a nucleus is influenced by the electrons in nearby chemical bonds, 

which generate their own small magnetic fields. These electron-generated fields, 

often denoted as 𝑩), partially shield the nucleus from the full strength of the external 

magnetic field.[97,98] This shielding effect causes the nucleus to experience a 

reduced net magnetic field, referred to as chemical shift. The relationship between 
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the external magnetic field, the shielding effect, and the net field is given by Equation 

8.[98] 

 
𝑩 = 𝑩! −	𝑩) Equation 8 

 

The shielding constant (σ) shows the constant of proportionality between 𝑩) and 

𝑩!. As such, the field at the nucleus can be presented as shown in Equation 9.[97,155] 

 

𝑩 = 𝑩!(1	 − 	σ) Equation 9 

The chemical shift (d) is a normalized measure of a signals frequency. The chemical 

shift axis is provided in parts per million (ppm) instead of hertz to help with easy 

comparisons between spectrometer frequencies.[97] With varying spectrometer 

frequencies, the shielding constant becomes inefficient to measure nuclei’s 

frequencies, due to the conversion. Instead, chemical shift is practically defined, in 

Equation 10, as the difference between the Larmor frequency of a nucleus in 

question (𝑢) and a given reference standard (𝑢	*+,). 

 

𝛿(𝑝𝑝𝑚) = 	10- ×	
𝑢	 −	𝑢	*+,
𝑢	*+,

 Equation 10 

 

The distribution of a compounds chemical shift can be associated with different 

functional groups, shown in Figure 8. 

 
Figure 8 - 1H Chemical shift ranges (in ppm) for some common organic functional groups 155 

As observed in Figure 8, the high-frequency end of the spectrum (left side) is 

described as downfield with the nuclei de-shielded and the right side as upfield and 

shielded nuclei. 
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3.3. 𝑱 Coupling 

Each nuclear environment provides further information to a spectrum, allowing to 

interpret the magnetic interaction of two nuclei through chemical bonds. Nuclei in 

the absence of coupling (the interaction of connected nuclei) do not experience 

splitting peaks, however, the interaction of magnetic moments of neighbouring, non-

equivalent nuclei that are spin-active create splitting patterns called multiplets in 

NMR spectra.[97] A multiplet has equally spaced components; the chemical shift of 

which is defined as the coupling constant 𝐽. 

 

As defined in Chapter 3.1, nuclei with a spin angular momentum of ½, like 1H, have 

two energy transitions: the higher b state, and the lower energy a state. In a two-

spin system there are four possible a and b spin combinations: a"a#, a"b#, b"a#, and  

b"b#. This makes three different frequencies in a spectrum. The ratio of the heights 

of lines in spin-half multiplicity splitting pattern is observed in Pascal’s triangle Figure 

9 as well as in Figure 10. 

 
Figure 9 - Pascals triangle annotated with spin ½ nuclei ratio multiplets 

The number of nuclei is also represented in a signal by its integration. In ethanol 

(Figure 10), the triplicate's integral (area of a signal) will be three times larger than 

that of the singlet and two times larger for the doublet compared to the singlet. 
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Figure 10 - 1H NMR spectra showing Ethanol annotated with multiplets and integrals marked in pink 

 

3.4. The Vector Model 

When nuclei are placed in a magnetic field, there is an interaction between the 

nuclear magnetic moment and the external magnetic field. The net magnetization 

vector slowly increases until it reaches its thermal equilibrium, where no further 

change to the magnetization occurs. This total magnetization can be represented 

by the vector 𝑴. 

 

The vector model provides a simplistic view of the bulk magnetization and can help 

to understand how the magnetization vector is being manipulated in an NMR 

experiment for a large number of isolated, non-interacting spins. The magnetization 

vector is manipulated by applying a radio frequency (RF) pulse, which generates 

oscillating magnetic fields. This is sometimes named the applied magnetic field or 

𝑩".  

 

When using the vector model, a rotating frame of reference is utilised where the 

Larmor frequency of 𝑴 is not observable and instead observes the stationary vector 

𝑩" without oscillation or rotation. [96,97] This is employed in the vector model to 

simplify the description of how the spins are being manipulated during an 

experiment.  
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3.5. The Bloch Equations 

To observe the interaction of the nuclei with the electric field, the bulk magnetization 

needs to be perturbed from its equilibrium state into the transverse (x and y) plane 

using an RF pulse. The angle by which the magnetization vector is rotated is called 

the flip angle (b) as defined by Equation 11, where 𝑡 is the duration of the pulse and 

𝑩" is the applied magnetic field. 
 

b = 𝛾𝑩"𝑡 Equation 11 

 

The Bloch equations govern the rate of change of the x- , 𝑦-, and z- components of 

the magnetization vector. As an example, applying an RF pulse along the x axis 

rotates the magnetization away from its equilibrium (z-axis) towards the	−𝑦 axis, at 

a given flip angle. The rotation along each axis during a RF pulse is provided in 

Equation 12 - Equation 14. 
 

𝑀/(𝑡) = −𝑀!𝑠𝑖𝑛b Equation 12 

 

𝑀0(𝑡) = 𝑀!𝑐𝑜𝑠b Equation 13 

 

𝑀1(𝑡) = 0 
 

Equation 14 

The precession of the magnetization vector induces a current in the coil that 

surrounds the sample tube after perturbation, which intern produces a free induction 

decay (FID), appearing as a damped sinusoidal wave. The FID is a time-domain 

signal that contains information of the relative resonance signals of a spectrum when 

converted into the frequency-domain after being Fourier transformed (FT).  
  



 72 

 

3.6. Relaxation 

The process where perturbed spins return to their thermal equilibrium is called 

relaxation. There are two processes by which relaxation occurs: the recovery of the 

𝑧 component of the bulk magnetization is Longitudinal or 𝑇" relaxation, and the 

decay of the transverse component of the bulk magnetization is transverse or 𝑇# 

relaxation. The vector model is also described by the Bloch equations through 

relaxation, as shown in Equation 15 -Equation 17.[157] 

 
𝑑𝑴!

𝑑𝑡
= 	𝛾𝑩"𝑴# −

𝑴!

𝑇$
 Equation 15 

 
𝑑𝑴#

𝑑𝑡
= 	−𝛾𝑩"𝑴! −

𝑴#

𝑇$
 Equation 16 

 
𝑑𝑴%

𝑑𝑡
= 	𝛾𝑩"𝑴# −

(𝑴& −𝑴%)
𝑇"

 Equation 17 

 

Equation 15 and Equation 16 describe the change in magnetization over time along 

the x and y planes, and how it is characterised by transverse relaxation. Equation 

17 is characterised by longitudinal relaxation during time evolution.[157] 

 

3.6.1. Longitudinal Relaxation 

Longitudinal relaxation is the recovery of the net magnetization after the spin’s 

perturbation, back to its thermal equilibrium. This relaxation recovers exponentially. 

𝑇" is a time constant, as previously seen in Equation 17, that denotes the time 

requires for the 𝑧 component of 𝑴 to recover to 63% of its maximum value.  

 

A spin can interact with the magnetic fields generated by surrounding spins, 

collectively this environment is named the local field. This interaction provides 

thermal contact between spins and the random thermal motion of molecules which 

drives 𝑧 magnetization back to its equilibrium value and hence 𝑇" relaxation. It is the 

transverse oscillation, at the Larmor frequency, in the local field that drives 

longitudinal relaxation.[97] 
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The value of 𝑇" can range from milliseconds to seconds depending on the properties 

of the sample, including its viscosity, molecular mobility, and structure.[97] In general, 

samples with higher mobility and lower viscosity tend to have shorter 𝑇" relaxation 

times. For quantitative studies, the magnetization needs to have recovered by 99% 

before being re-excited. For this to occur, the relaxation delay (RD) between 

experiments needs to be five times the value of 𝑇". As a result, quantitative NMR 

(qNMR) studies can have relaxation delays of over 20 seconds. 

 

To measure the value of 𝑇", the exponential recovery of the 𝑧 magnetization needs 

to be recorded. This can be recorded by using an inversion recovery experiment as 

seen in Figure 11. 
 

 
Figure 11 - A schematic diagram of an inversion recovery experiment used to record 𝑇!.  The 180˚ and 90˚ 
pulses are shown in grey and black rectangles respectively. The time in between the pulses is displayed by t.  
 

By inverting the magnetization with a 180˚ pulse (the light grey rectangle), 

magnetization relaxes back to its thermal equilibrium over a time tau (t) before being 

rotated back into the transverse plane by a 90˚ pulse (the black rectangle) to be 

recorded. The length of t is arrayed until the magnetization (t > 5𝑇") has reached 

its thermal equilibrium. 

 

3.6.2. Transverse Relaxation  

Equation 15 and Equation 16 show how the transverse magnetization decays 

exponentially with the 𝑇# time constant. Over time individual magnetic moments start 

to dephase, due to some spins precessing faster and slower than others. This 

creates a loss of phase coherence meaning that the direction of spins become 

scrambled.  
 

There are two contributions to transverse relaxation. The first is comparable to 

longitudinal relaxation, where the local magnetic fields' transverse oscillation at the 
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Larmor frequency contributes to transverse relaxation. The second is the effect of 

magnetic field inhomogeneities, where slight variations in the magnetic field strength 

across the sample cause different spins to precess at different rates, further 

contributing to dephasing. Inhomogeneities in the magnetic field can accelerate the 

decay of transverse magnetization.[97,158] 

 

3.6.2.1 Spin Echo 

The more inhomogeneities present during an experiment, the shorter the 𝑇#.[97] Due 

to magnetic field inhomogeneities, 𝑇# relaxation can be hard to record. To overcome 

the field inhomogeneities a spin echo pulse sequence (Figure 12) can be used to 

record the 𝑇# relaxation times. Irreversible fluctuations occur to the phase coherence 

during tau that cannot be refocused by a 180˚ pulse.  As a result, the signal intensity 

of a spectrum decays with time. The spin echo pulse sequence (Figure 12) can be 

repeated with the length of t arrayed to increase. As shown in Figure 13, this results 

in a decrease in the signal in the FID. 
 

 
Figure 12 - A schematic of the spin echo pulse sequence.  The black rectangle is a 90˚ pulse, t which is the 
time in between the 180˚ pulse (grey rectangle) before the FID. 

 

Following a 90˚ pulse, the magnetization is perturbed, with the magnetic moments 

precessing freely during the period of t. During this interval, the slower precessing 

spins lag behind the faster ones. A 180˚ pulse is then applied, inverting the spins so 

that the slower precessing spins are in front of the faster precessing spins. As a 

result, after the second tau, the phase coherence is refocused.  There is always 

some loss in phase coherence due to T2 relaxation during the spin-echo pulse 

sequence as the time-dependent fluctuations in the magnetic field cannot be 

refocussed. 
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Figure 13 - A schematical pulse sequence diagram of measuring T2 relaxation 

3.6.3. CPMG 

Meiboom and Gill improved upon the initial work completed by Hahn in 1950, Carr 

and Purcell in 1954 with a pulse sequence named Carr-Purcell-Meiboom-Gill 

(CPMG).[159] The spin echo applied all RF pulses along the same axis, this meant 

phase errors were being introduced from imperfect 180˚ pulses, as well as applied 

magnetic field inhomogeneities. By applying a 180˚ pulse along an alternate axis to 

the initial 90˚ excitation e.g. along the ± x axis instead of the y axis, the pulse-related 

errors could be reduced.[159] The CPMG pulse sequence also improved the spin-

echo sequence by fixing tau and increasing the number of cycles. 

 
Figure 14 - Schematic diagram of the CPMG Pulse sequence 

The CPMG pulse sequence (Figure 14) does, however, have some limitations, 

concerning echo modulations by scalar couplings 𝐽 (𝐽 coupling). While the 

refocusing pulses correct for dephasing due to inhomogeneities in the external 

magnetic field, they do not cancel out the evolution caused by scalar 𝐽 couplings 
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between spins.[160] Echo modulations can be overcome by decreasing tau and 

increasing the number of echoes. However, this can have the undesirable effect of 

sample heating, increasing the line widths. 

 

3.6.3.1 PROJECT 

Challenges outlined above were addressed by Aguilar et al. (2012) by Periodic 

Refocusing Of 𝐽 Evolution by Coherence Transfer (PROJECT) as shown in Figure 

15. 

   
Figure 15 - Schematical diagram of the PROJECT pulse sequence 

By adding a 90˚ pulse in between two spin echoes, it refocuses 𝐽 and the chemical 

shift while also allowing for an increased length of t to be employed.[160] 

 

3.6.4. 1D NOESY 

The Nuclear Overhauser Effect (NOE) is the change of one dipolar coupled spin 

intensities upon irradiation with another nearby spin (<5Å). This transfer of energy 

between two closely spaced spins can have a positive or negative enhancement on 

the intensity of the signal of energy transferred spin. The interaction of proteins and 

large molecules leads to a negative NOE enhancement due to their slower tumbling 

speeds, which leads to a longer correlation time (t2). This slower motion leads to a 

negative NOE, where signal intensity decreases. In contrast, smaller molecules, 

with their faster tumbling and shorter correlation times, exhibit a positive NOE 

enhancement, leading to an increase in signal intensity. 

 

The one-dimensional (1D) NOE spectroscopy (NOESY) experiment (Figure 16) is 

widely used in metabolomics due to its enhancements to solvent suppression and 

small molecule signals.  
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Figure 16 - 1D NOESY Pulse Sequence Schematic diagram 

 

A two-dimensional (2D) NOESY experiment is also often used, where the purpose 

of this pulse sequence would be for the identification of spatial proximity between 

different protons. However, this pulse sequence can support solvent suppression 

and signal enhancement in the 1D variant.[161,162] 

 

3.7. Water Suppression Pulse Sequences 

The presence of large solvent signals (for instance the water signal observed in 

biofluids) in a sample can overshadow metabolites. Therefore, it is crucial to 

suppress solvent signals. Intense solvent resonances can also cause distortions to 

the baseline and phase roll if the solvent signal is saturating the NMR receiver and 

is not correctly suppressed.[163] Several different pulse sequences that supress 

solvents are discussed below.  

 

3.7.1.1 WATERGATE 

One such method for suppressing solvents is through coherence selection by pulse 

field gradients (PFG), observed in Figure 17. The core concept involves using a 

pulsed z-field gradient to dephase the coherences along the z-axes.[164] By doing 

so, only the selected signals are detected by the receiver. The WATERGATE 

(WATER suppression by GrAdient Tailored Excitation) technique is not affected by 

line shape, exchangeable protons or a change of phase around the water 

resonance. However, signals close to the water resonance can also be 

suppressed.[164] During the sequence (Figure 17), the first gradient dephases all 

coherences. Next, hard pulses with varying lengths excite all resonances, except 

those at the offset frequency. Finally, during the last gradient, the solvent signal is 

dephased further with all other resonances being refocused.[164]  
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Figure 17 – WATERGATE-5 pulse sequence schematical diagram. 

 

Even though WATERGATE is commended for its excellent solvent suppression, it 

has its problems, including base-line roll and signal phasing that were later 

addressed by Robust-5.[165,166]  

 

3.7.1.2 Robust-5 

For a pulse sequence to be robust, it needs to be able to handle sample 

inhomogeneities, radiation dampening and pulse miscalibrations.[165,166] These 

attributes were considered in the making of Robust-5 (Figure 18), to ensure the 

pulse sequence is well-equipped for chemometric work where general-purpose 

solvent suppression is needed.[166] 

 
Figure 18 - Robust-5 Pulse sequence diagram schematic.  Gz is the gradient applied to the z axis. The dotted 
lines are to signify the reverse is used for every other pulse.  W5 refers to the WATERGATE 5 hard pulses. 

 

By implementing lock pre-focusing pulse gradients, before the start of the water 

suppression, both eddy currents and lock disturbances are minimised.[166] The 

distortion of 𝐽 modulation, as previously mentioned in 3.6.3.1, can be reduced by 

using a perfect echo. A similar water suppression pulse sequence that includes a 
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perfect echo, but without the pre-focusing lock, is called double pulsed field gradient 

spin echo (DPFGE).[164] Ultimately, the advantages of Robust-5 led to the decision 

not to further investigate DPFGE in this research.[164] 

 

3.7.1.3 WET 

Water suppression enhanced through T1 effects (WET) is another PFG solvent 

suppression technique. The technique (observed in Figure 19), which has been 

frequently employed in MRI and hyphenated technique studies, applies selective on 

resonance gradient pulses and PFGs to dephase solvent transverse 

magnetization.[164] Subsequently, hard pulses perturb the remaining spins into the 

transverse plane before the acquisition takes place.[164] 

 
Figure 19 - WET Pulse Sequence schematical diagram.  

 

3.7.2. Presaturation 

The presaturation pulse sequence, also named PreSat for short, is the most widely 

used solvent suppression technique in metabolomics.[163] Presaturation (Figure 20) 

uses a saturation block, where a low-powered pulse is applied to reduce the solvent 

signal. The undesired magnetization is dephased on the applied 𝑩"	field; this is 

instead of the 𝑩! field as with PFG pulse sequences.[164,167] To effectively irradiate 

the solvent signal, the spectrometer must be well-shimmed.[164] 

 

 
Figure 20 - Presaturation Pulse sequence 
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Solvent molecules that are found further away from the RF coil can experience lower 

RF field strength.[167] This can result in non-uniform flip angles which are unable to 

follow the designed coherence transfer pathways leaving behind a residue solvent 

signal. This term is also called the “far away” solvent effect.[163] The saturation block 

is robust but less efficient in suppressing on-resonance signals, such as the 

dominant water signal.[153] This can lead to residual water signals, especially when 

the solvent is water, which resonates on-resonance near 4.7 ppm. This is why it is 

often used with the 1D NOESY (Figure 16) pulse sequence. On the other hand, the 

WET-composite pulse (CP) pulse sequence (Figure 21) uses four 90˚ hard pulses 

(𝑥, 𝑦, −𝑥, −𝑦), to reduce the effect of the faraway solvent and lead to a narrower 

residual water signal.[153] 

 
Figure 21 - WET-CP Pulse Sequence 

 

Another limitation associated with the presaturation pulse sequence is the 

exchangeable NH protons that can be saturated and disappear from the 

spectrum.[163,167]	 This can be problematic in biofluids such as CSF and blood 

plasma, where observing NH signals is important, which is why WATERGATE is 

often preferred in these cases, as it allows for effective water suppression without 

saturating exchangeable NH protons.	
	

3.8. 2D NMR 

In 1D NMR, intensity is plotted against a single frequency axis, whereas in 2D NMR, 

two frequency axes are plotted, with the signal intensity represented by the contour 

levels. The peaks in a 2D NMR spectrum can represent a variety of information. 
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Figure 22 - Building blocks of a 2D pulse sequence 

 

2D experiments are split into four steps: preparation, evolution, mixing, and 

detection (Figure 22).[97,99] During the preparation period, pulses generate 

coherence of spins.[97] During the evolution period, spins are allowed to evolve for a 

period t1. The evolution time is varied between experiments. The mixing period 

transfers the coherence to be observable and then is followed by detecting the 

corresponding free induction decay (FID).[97,99] 

 

3.8.1. COSY 

Correlation spectroscopy (COSY) was first developed in 1971 and uses two proton 

dimensions.[97] Cross peaks indicate which spins are coupled together as a result, 

this method is used for spectral assignment. For COSY (Figure 23) there are two 

types of peaks: diagonal and cross. Diagonal peaks in COSY indicate that the 

frequencies (chemical shifts) during both evolution times are the same. This occurs 

because these peaks correspond to nuclei that are not 𝐽 -coupled to other spins, so 

their chemical shifts remain constant during both the initial and indirect evolution 

periods. In contrast, cross peaks appear between 𝐽 -coupled pairs of spins, reflecting 

correlations between nuclei that influence each other through scalar (𝐽) coupling. 

 

A B 

C 
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Figure 23 - 2D COSY Pulse Sequence Schematic. A) Chemical Formula for 3-Heptanone, B) A Schematic of 
a COSY spectrum for 3-Heptanone with annotated peaks, C) COSY Pulse Sequence Schematic. [168]	

	

3.8.2. TOCSY 

Total correlation spectroscopy (TOCSY) is a homo-nuclear pulse sequence that 

connects spins within a spin system, both those that are directly 𝐽 -coupled and 

those that are indirectly connected through relay pathways of multiple 𝐽 couplings. 

To achieve this, spin-locking is employed to transfer magnetization between these 

spins, as observed in Figure 24. A side-by-side comparison of COSY and TOCSY 

experiments is shown in the appendix chapter 9.1. 

 
Figure 24 - 2D TOCSY Pulse Sequence.  2D TOCSY Pulse Sequence Schematic. A) Chemical Formula for 3-
Heptanone, B) A Schematic of a TOCSY spectrum for 3-Heptanone with annotated peaks, C) TOCSY Pulse 
Sequence Schematic. [97] 

 

3.8.3. HSQC 

Heteronuclear single quantum correlation (HSQC), observed in Figure 25, 

correlates different nuclei such as 1H, 13C, and 15N through their 𝐽 -Coupling in a 

similar fashion to COSY (Figure 23), but this is heteronuclear instead of 

homonuclear like COSY.   

A B 

C 
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Figure 25 - HSQC 2D Pulse Sequence Schematic 

 

The pulse sequence starts off with the insensitive nuclei enhanced by polarization 

transfer (INEPT) sequence.[97,164] This enhances weak signals from low 𝛾 nuclei 

such as 13C and 15N, by transferring polarization from a higher 𝛾 nuclei like 1H.[98] 

After the initial polarization transfer, the 𝑆 spin is allowed to evolve according to its 

chemical shift during the evolution period. During this time, the 𝐼 spin is refocused 

using a 180˚ pulse to eliminate its chemical shift evolution, ensuring that only the 

chemical shift of the 𝑆 spin is encoded. Finally, the magnetization is transferred back 

to the 𝐼 spin for detection.[98] 

	

3.8.4. HMQC 

Heteronuclear multiple quantum correlation (HMQC), observed in Figure 26, also 

correlates different nuclei such as 1H, 13C, and 15N through their 𝐽 -Coupling like with 

the HSQC experiment. 

 

 
Figure 26 - HMQC 2D Pulse Sequence Schematic 

 

The difference between the HMQC and HSQC pulse sequences is that during the 

evolution time, both the 𝐼 and 𝑆 spins are allowed to evolve in the HMQC experiment, 

whereas in HSQC, only the 𝑆 spin evolves.168 Multiple quantum coherence is 
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transferred to heteronuclear nuclei by the 90˚ pulse.  However, due to homonuclear 

proton 𝐽-coupling, this can lead to line or peak broadening in the 𝑆 spin dimension, 

resulting in less resolution for the heteronuclear signals.[97] 
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Chapter 4 Experimental Methodology 

The following chapter outlines the research methodology used in this study. The 

chapter is structured in chronological order according to the experimental 

methodology, providing a description, and explanation of the theory behind the 

methods. The specific methods used throughout this research are then outlined, 

with reasoning provided. Additional details about the research studies, such as 

sample type, collection, and cohort, will be provided in the subsequent results 

chapters. 

 

4.1.1. Research Philosophy 

Together this research aims to further expand on the potential utility of bNMR 

metabolomics, pushing the technology and building upon its strengths. To this end, 

this research will initially maximise the signal-to-noise ratio (within reason) of each 

sample at bNMR. Each experiment will be conducted for around 2 hours per sample. 

These studies were conducted gaining qualitative results as to maximise the number 

of scans. Sample preparation steps will also be minimised and kept simple to 

maintain NMR’s minimal sample preparation strength.  
 

4.2. Sample Preparation 

For NMR analysis, each biofluid sample must be carefully prepared to ensure 

consistency and optimal conditions. This involves mechanical processes to remove 

unwanted materials that could interfere with sample relaxation, as well as chemical 

additives to prevent undesirable changes. These additives also aid in spectral 

alignment and quantification, ensuring accurate and reliable results. 

 

4.2.1. Centrifuge 

Particulate matter can interact with a sample often creating broader line widths, and 

is preferably removed in metabolomic sample preparation. Centrifugation is used to 

help precipitate sediment, proteins, and other unwanted cellular content from 

biological samples by separating particles based on their density and size. 
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During centrifugation, the samples are spun and high speeds, denser particles move 

away from the centre and conjugate at the bottom of the tube by centrifugal forces. 

Once the cycle has finished the supernatant can be transferred into a sterile 1.5mL 

microcentrifuge tube for storage until pipetted into the sample tube. If the rotations 

are too high (>10,000 g), then unwanted intracellular metabolites could be released 

due to cell breakage.  

 

4.2.2. Internal Standard 

An internal standard is often used in NMR to ensure the spectra are appropriately 

aligned. This standard can also often be used to calculate concentrations of 

metabolites present in spectra if the concertation of the internal standard is known 

and sufficient acquisition parameters are met. The standard chosen must not 

interfere with surrounding signals and possess a suitable solubility for the solvent of 

choice. In addition, quantitative experiments may need internal standards with 

suitable T1 relaxation times, chemically inert and low volatility. There are three main 

internal standards that are used in NMR studies: Sodium 

trimethylsilylpropanesulfonate (DSS), Tetramethylsilane (TMS) and, 

Trimethylsilylpropanoic acid (TSP). Overall TSP was selected as the main internal 

standard during the projects due to its solubility with water, its signal far away from 

interfering signals and its low volatility. Formate is another internal standard that 

was also used in this research, as TSP can interact with proteins and other cellular 

content in blood. As a result, it is advised to use an alternate standard for this fluid. 

Although it does have the negative effect of a long T1 for quantitative studies and 

can be in close proximity to surrounding signals.  
 

4.2.3. Additives 

Sodium azide is added to a sample to inhibit microbial contamination and growth. 

Deuterium is also commonly added as to lock the frequency (described in 4.3.4). As 

pH interferes with the chemical shifts, a suitable buffer needs to be added in order 

to correctly maintain the pH. A Sodium phosphate buffer allows for the control of the 

pH within a solution to ensure results obtained are accurate and reproducible. 
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4.3. Experiment setup procedure introduction 

It is essential to ensure that experiments have been properly optimised to obtain 

accurate and reliable data. Failing to calibrate an experiment correctly could lead to 

incorrect excitation, increased noise, and wider line widths. To address these 

issues, optimisation of the magnetic environment and experiment setup is 

necessary. Depending on the hardware used, these tasks can be completed 

automatically and/or manually. 
 

4.3.1. Pulse calibration 

Before initiating a new experiment, a pulse calibration experiment must be 

conducted. The pulse calibration experiment arrays the length of the pulse until an 

estimated 360° pulse has been applied. When this pulse is applied there should be 

no signal after acquisition. The same 90º pulse length should be used for all samples 

in that given project. Changes could lead to improper excitations creating 

differences between spectra. 
 

4.3.2. Tune and Match 

Tunning and matching should be conducted on the nucelli and solvent of interest 

with a representative sample. The coil in the probe needs to be “tuned” so that the 

tuned circuit is resonant at the Larmor frequency. Matching the probe ensures 

maximal power transfer between the probe and the transmitter frequency. If 

matching is correctly optimised, then a sharp peak in observed in the NMR 

spectrum. If the spectrometer is incorrectly tuned and matched then this can lead to 

poor signal attenuation, peak broadening, and baseline disturbances. 
 

4.3.3. Shimming 

Shimming is the process where Β! is made more homogenous by removing any 

small inhomogeneities present in the magnetic field. The term shim originates from 

when a small metal “shim” was added into a magnetic field to improve its 

homogeneity.[170,171] In modern spectrometers, this is now controlled with shim coils 

that surround the sample. The goal of shimming is to minimise the line width and 

produce a symmetrical peak.[170–172] A sample shim is completed for each sample 
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when placed into the spectrometer. This quicker shim is normally completed in a 1st 

order shim (x, y and, z) with higher order shimming (2nd, 3rd and 4th) that affects 

smaller-scale filed variations traditionally completed during routine maintenance.  
 

4.3.4. Lock 

The magnetic field is not perfect and is prone to drift over time.[173] In order to 

compensate for this, a spectrometer lock can be applied. This is accomplished by 

locking the frequency of the NMR spectrometer to the resonance frequency (field-

frequency lock) of the sample being studied. When the lock is applied, the signal 

from the spectrometer is monitored for any changes in the resonance frequency. If 

the signal deviates from the set point, the lock will automatically adjust the frequency 

to bring the signal back to the set point. This ensures that the signal remains 

constant over time and allows for more accurate data acquisition. The lock uses the 

signal from a deuterated solvent, such as deuterium or deuterated chloroform, that 

is added to a sample during sample preparation. This is monitored through a 

continual wave experiment.[96,164] 

 

4.3.5. Acquisition Delay 

As temperature affects the chemical shifts of the protons in the sample, causing 

them to move to different positions in the spectrum, a delay of acquisition is applied 

to ensure the sample has reached the same temperature as the magnet. This also 

helps to decrease the line width of signals in a spectrum. 

 

4.3.6. Sample-specific set-up parameters 

For all sample acquisitions acquired on the bNMRs, a ten-minute delay was applied 

before shimming occurred to allow the probe temperature and sample temperature 

to become stable. After this time no chemical shift changes were observed. Both 

HF-NMR spectrometers were temperature controlled, so they did not require any 

delay. A sample-specific shim was applied to all samples to remove any small 

inhomogeneities which were present in the magnetic field. A deuterium lock is also 

applied to all samples during all experiments to avoid frequency shifts.  
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4.4. Acquisition Parameters 

When running an experiment, the acquisition parameters need to be optimised. 

Depending on the metabolites of interest, or the solvent present, different acquisition 

parameters need optimising to ensure the desired output from the experiments is 

met.  

 

4.4.1. Relaxation Delay 

Nuclei must be allowed to relax before they are re-excited. This process is named 

relaxation delay often referred to as RD. As different signals relax at different rates 

it is important to use the longest 𝑇1 relaxation (slowest relaxing) signal of interest. 

For quantitative NMR this is normally set to 5	 × 	𝑇1, as magnetisation has nearly 

fully recovered (<99%) back to its equilibrium at Β!. To save time during acquisition, 

the relaxation delay can be reduced due in part to some signals of interest taking 

more than 30 seconds to relax and a middle ground is achieved between speed of 

acquisition and relaxation.  
 

4.4.2. Number of Scans 

To improve the signal-to-noise each experiment is repeated. The number of times 

the experiment is repeated is often called the number of scans. The spectra are then 

added together to achieve an improved signal. However, the improvement to the 

signal is not linear and instead is based on the inverse square rule, √𝑁, where 𝑁 is 

the number of scans. This means that to achieve double the signal-to-noise from an 

8-scan experiment, a total of 64 scans will need to be completed. A total of 1024 

scans was chosen throughout this research as minimal gains were observed beyond 

this point. 

 

4.4.3. Number of Points 

This parameter indicates the number of points recorded during the free induction 

decay (FID). The spacing between each point is calculated from the total number of 

points divided by the acquisition time. A sufficient number of points must be 

recorded to ensure that no signal resolution is lost. 
 



 90 

4.4.4. Spectral Window 

The spectral window refers to the range (often measured in frequency (Hz) or ppm) 

within which the spectrum is obtained. It's important to use a wide enough range to 

accurately capture the signals of interest. However, a wider spectral window will also 

increase the acquisition time. A broader spectral width can also aid in baseline 

corrections. As a general rule, it is recommended to leave a 10% gap on each side 

of the signals of interest to avoid interference from receiver filters. 
 

4.5. NMR Spectrometers 

The primary HF-NMR instrument used was the 400 MHz (9.4 Tesla) JEOL NMR 

Spectrometer at Nottingham Trent University, featuring the Delta software (JEOL, 

Tokyo, Japan). The use of this instrument allowed for a diverse range of 

experimental conditions and analyses such as 1D presaturation, WASTED and 2D 

TOCSY and COSY experiments. 

 

Some experiments were also undertaken using an 800 MHz (18.8 Tesla) Bruker HF-

NMR Spectrometer (Massachusetts, USA). This spectrometer, located at the 

University of Nottingham, was equipped with a 5mm cryoprobe and provided high-

sensitivity and resolution NMR spectra for the chronic kidney disease study and 

preliminary results in the idiopathic epilepsy study. 

 

Most bNMR experiments were conducted on the 60 MHz Oxford Instruments X-

Pulse bNMR Spectrometer, utilising the Spin Flow 3.3 software (Oxford Instruments, 

Oxford, UK). The X-pulse was also equipped with a 25-slot autosampler. An 

additional 60 MHz Pulsar bNMR Spectrometer from Oxford Instruments (Oxford 

Instruments, Oxford, UK) (SpinFlow 3.0) was also used for the additional work on 

tube optimisation and the chronic kidney disease study (appendices 9.18 - 9.22).  
 

4.6. Data Processing 

After the spectra have been acquired, they need to be processed before statistical 

analysis can take place. This is completed through processing software such as 
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TopSpin and Mestrenova. Some software has been completed to automate this 

process; however, this is still in its early stages for bNMR. 
 

4.6.1. Fourier Transformation 

The first step of data processing is Fourier Transformation (FT). FT is the process 

of converting the FID from the time domain into the frequency domain. The spectra 

can appear noisy and so apodization can be applied.  

 

4.6.2. Apodization 

This is the process of applying a smoothing function to the FID to help improve the 

signal-to-noise and remove artefacts. Although there are many different functions 

which can be applied, the main techniques applied in one dimensional NMR include 

an exponential and Gaussian function. The decaying exponential is weighted so that 

the initial signal is multiplied by a larger factor and reduces the background noise 

towards the decaying signal. The Gaussian function applies a decaying bell-shaped 

curve allowing for improved visualization of low-concentration signals near the 

baseline. The goal of a smoothing function is to apply a factor that closely matches 

the decay of the signal.[97] 

 

4.6.3. Zero Filling 

As the name suggests, Zero-filling adds data points (of zero) at the end of an FID 

before being Fourier transformed (FT), to potentially improve the quality of the 

spectra due to the increased resolution in-between points and removal of noise at 

the end of the time domain acquisition. Typically, two to four times the number of 

acquired data points are selected for zero filling. 
 

4.6.4. Phase Correction 

The applied magnetisation may not correctly correspond with your receiver phase. 

To fix these issues a phase correction can be applied. To correct for this a zero-

order phase correction (f0) the FID is rotated so that the absorption intensity is at its 

highest and the dispersion at its lowest. With first-order phase correction (φ1), this 

correction is applied diagonally across the spectrum. 
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4.6.5. Baseline correction 

Distortions can be created during data acquisition that are not true. These can be 

removed manually or automatically though different baseline corrections. Close 

attention is important to ensure the true signal is recorded. All baseline corrections 

were completed manually through the peak pick Lorentzian fit function in 

Mestrenova. 
 

4.6.6. Reference Alignment 

TSP was used to align spectra to 0ppm. The spectrum was also then stacked and 

then smaller adjustments were made to ensure the chemical shifts stayed 

consistent. Although these problems are minimised through the sample 

preparations and experiment optimisations, small sample parameter differences 

such as pH, salinity or temperature can still need manual alignment to ensure 

optimum spectra and alignment. 
 

4.6.7. Binning / Bucketing 

Binning reduces the number of points in a spectrum by reducing the number of “bins” 

available. This allows for easier understanding of how different signals affect a 

spectra when analysing the data.  
 

4.7. Data analysis 

After the data was processed, analysis was conducted using two primary tools: 

Python and MetaboAnalyst. Python, a versatile programming language, offers a 

wide array of packages specifically designed for data analysis, making it a powerful 

tool for this purpose. On the other hand, MetaboAnalyst is an online platform tailored 

for metabolomics workflows, offering robust tools for single and multivariate 

statistical analyses, as well as pathway and biomarker analysis. 

 

The analysis utilised two principal statistical approaches: univariate and multivariate 

statistics. Univariate statistics were applied to examine individual variables, while 

multivariate statistics were used to explore patterns and relationships across 
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multiple variables simultaneously. These methods provided comprehensive insights 

into the dataset, facilitating a deeper understanding of the underlying biological 

processes. 
 

4.8. Univariate Statistics 

Univariate analyses are often used in the initial stages of analysis to identify 

individual metabolites that are significantly altered in response to different conditions 

or treatments.[174] Univariate statistical analysis focuses on analysing one variable 

at a time. 

 

4.8.1. ANOVA 

An independent T-test is used to compare two independent groups, such as healthy 

as diseased. This can be further extended through one-way analysis of variance 

(ANOVA), which can assess if the means of two categories are significantly different 

across multiple groups such as the metabolite bins in an NMR spectra.  

 

When analysing the distribution of samples for a particular metabolite bin or variable, 

box plots are commonly used. These plots allow for a visual analysis of how the 

samples are distributed between different groups. Any outliers present in the data 

are shown outside of the whiskers, which extend to 1.5 times the inter quartile range. 

 

4.8.2. The Area Under the Receiver Operating Characteristic 

Curve  

The area under the curve (AUC) is often used to evaluate the discrimination ability 

of a model by evaluating its predictive potential. These plots are generated from 

receiver operating characteristic (ROC) curve analysis, where sensitivity (true 

positive rate) is plotted against 1-specificity (false positive rate) for varying threshold 

values. The AUC represents the performance of a detection test or a predictive 

model. The AUC can range from 0 to 1 with the higher the value the better the 

discrimination the model holds against positive and negative cases. The true 

positive and true negative rate controls the sensitivity and specificity of a model. A 

trade-off between the two measurements is given in the model showing both the 
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highest sensitivity and specificity, shown by a red dot on the plot. This value has a 

false discovery rate (FDR), this is the expected proportion of false positives among 

all significant results. 

 

4.8.3. Fold Change Analysis 

Fold change is a simple yet powerful method for quantifying the relative difference 

in metabolite levels between two conditions. It can be calculated as a ratio, where a 

fold change greater than one indicates an increase, and a value less than one 

indicates a decrease. Fold change analysis is commonly used to identify metabolites 

that are increased or decreased in response to a treatment or condition. This 

information is then often used to interpret pathway analysis. 

 

4.8.4. Volcano Plots 

Volcano plots are often depicted as scatter plots, similar to fold change analysis. 

However, they combine the fold change on the X-axis with the statistical significance 

(p-value) on the Y-axis. To enhance clarity, the x-axis represents log2 fold change, 

while the y-axis represents the negative log10. Metabolites identified as significant 

will appear either in the upper left (indicating a relative decrease) or the upper right 

(indicating relative increase) of the plot. 

 

4.9. Multivariate Statistics  

Multivariate statistical analysis involves the simultaneous analysis of multiple 

variables (metabolites). This approach is crucial in metabolomics due to the 

complexity and high dimensionality of the data. 

 

4.9.1. Principal Component Analysis 

Principal Component Analysis (PCA) is an unsupervised statistical method used to 

reduce the dimensionality in data and is widely utilised in metabolomics due in part 

to its unbiased nature, leading to its highly advantageous implementation for non-

targeted metabolomic studies.[174,175] Unlike some supervised methods, PCA 

calculates the maximum variation in the data set (X) without the influence from the 
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class labels (Y) and consequently not a classification method.[176] A PCA plot can 

take multidimensional data and represent it in a 2D plot, displaying variance and 

clustering among the data points. By displaying the eigenvectors, Principal 

Components (PC), across multiple axes, variance, clustering, and outliers can be 

observed. When potential outliers are identified, the weighting of the data set can 

be observed through a loading plot. The eigenvalue represents the amount of 

variance explained by each eigenvector. A higher eigenvalue means the associated 

PC explains a larger proportion of the variance in the data set. 
 

4.9.2. Partial Least Squares Discriminant Analysis 

Unlike PCA, Partial Least Squares Discriminant Analysis (PLS-DA) is a supervised 

test that maximises the covariance between the data set and the class labels, even 

in high-dimensional data. PLS-DA is highly advantageous in datasets that are highly 

collinear and have a noisy baseline, this is why this is frequently used in NMR 

analyses. Due to the extra supervision during this test, cross-validation needs to be 

completed to ensure the validity of the results. PLS-DA can be split into two parts: 

PLS where dimension reduction occurs, and DA, the prediction model. 

  

Although PLS-DA is a supervised test, it does not assume a predefined fit to the 

distribution, unlike Orthogonal Projection to Latent Structures Discriminant Analysis 

(OPLS-DA). In principle, this means that correlations between non-class-based 

separation still impact distribution, which can be problematic when increasing the 

quantity of given classes. As with all supervised methods, small datasets allow for 

a higher likelihood of overfitting to be present. 

  

To assess the significance of separation of the data set, a Variable Importance in 

Projection (VIP) score is produced. This is important to identify the most influential 

variable in the model, where a higher VIP score signifies a more important data set 

variable. Traditionally a score of above one is considered to have a significant 

impact on the class labels.  
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4.9.3. Orthogonal Projection to Latent Structures Discriminant 

Analysis 

OPLS-DA can add further class separation through the orthogonal projection along 

by disregarding correlations not associated between the class labels. As a result, 

OPLS-DA is great at identifying potential biomarkers. 

 

Due to the extra influence of the class variables, OPLS-DA is prone to overfitting 

and a permutation test can be completed to validate the reliability of the separation. 

During this test the class labels are randomly rearranged (permuted), creating a 

“shuffled” dataset where the OPLS-DA model is reperformed to compare against 

the original, non-permuted OPLS-DA model.  

 

A histogram is then created to display the distribution of the models fit to the original 

data (R2) and the consistency between the original and cross-validated predicted 

data (Q2). A large difference observed between the original and permuted OPLS-

DA models suggests a significant relationship between the variables and the 

classes. Often p-values (a metric that shows the likelihood of the data occurring 

under the null hypothesis) are also provided in association with the Q2 and R2 

values. 
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Chapter 5 Metabolomic Analysis of Cerebrospinal 
Fluid: An Idiopathic Epilepsy Investigation 

5.1. Introduction 
The United Kingdom is home to over 13 million dogs, as of 2024, which represent 

64.8% of the veterinary-visiting population, with emergency care and general check-

ups being the most common reasons pet owners visit the vet.[177–180] However, 

veterinary costs have been steadily increasing to over £500 as of 2022.[9,178] This 

rise in costs is partly driven by advancements in veterinary medicine and an 

increased demand for comprehensive animal healthcare.[9] However, in 2022, 19% 

of dog and cat owners delayed vet visits due to these costs, with 20% of that group 

reporting they would no longer be able to afford their pets if faced with unexpected 

expenses.[178] Veterinarians have noted this impact, with 99% of vets reporting 

cases where animals should have been brought in sooner, and 1 in 5 pets not 

receiving timely treatment.[178] Financial limitations are a major factor, with 52% of 

vets observing that clients struggle to cover preventive care costs, while 70% report 

difficulties affording diagnostic care and treatment.[181] 

 

The rising costs of veterinary care not only influence general healthcare accessibility 

for pets but also have significant implications for managing chronic conditions like 

epilepsy, which require extensive diagnostics and ongoing treatment. Epileptic 

seizures are a common neurological issue in veterinary medicine, characterised by 

abnormal and excessive neurological activity.[182] Epilepsy ranks among the top ten 

conditions for which pet insurance claims are most frequently filed, with costs for 

diagnosis and treatment ranging from $200 to $5,000, covering tests like bloodwork, 

magnetic resonance imaging (MRI), and spinal taps, as well as treatments that 

include anticonvulsants and surgery.[183] In 2013, over 5,000 dogs in Sweden were 

diagnosed with epilepsy, with more than half of the diagnosed dogs ultimately 

euthanised.[184] An estimated 91,000 dogs in the UK alone have epilepsy.[185] 

Idiopathic Epilepsy (IE) is the most common form of epilepsy (53% of all cases of 

epilepsy), clinically diagnosed from a process of elimination.[67,186] As a result, other 

forms of epilepsy such as reactive, where seizures are induced metabolically or from 

intoxication, and structural epilepsy, from a forebrain anomaly, are excluded from 
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affecting the seizure.[67] Previous diagnoses of IE have been caused by injury, 

developmental, metabolic and genetic origin. However, IE can be difficult to 

diagnose due to other conditions mimicking seizure activity, and its exact cause 

remains unclear.[23,67,182] 

 

The International Veterinary Epilepsy Task Force (IVETF) has defined criteria which 

should be followed to meet a clinical diagnosis of IE.[23] This follows a three-tier 

system in order of confidence of diagnosis. To meet the tier 1 criteria, a history of 

two or more unprovoked seizures 24 hours apart needs to have occurred between 

the ages of six months and six years. There also needs to be an unremarkable 

interictal physical and neurological examination with no identified significant 

abnormalities on blood or urine analysis. Tier 2 follows on from tier 1 to include 

unremarkable: fasting and post-prandial bile acids; MRI of the brain; and 

Cerebrospinal fluid (CSF) analysis. Tier 3 adds the addition of the identification of 

electroencephalographic abnormalities characteristic of seizure disorders.[23] 

 

CSF surrounds the brain and spinal cord and is commonly used in neurological and 

oncological disease detection.[187] Its main functions include providing protection, 

maintaining intracranial pressure, transporting nutrients, and removing waste from 

the brain and spinal cord. [187–189] The majority (70-80%) of CSF is produced by the 

choroid plexus which filters plasma and creates a blood-CSF barrier, that helps to 

maintain the composition of CSF.[190] The main composition of CSF is water (<99%), 

with additional constituents containing amino acids, glucose and electrolytes.[191] 

Some small amounts of blood cells and proteins like albumin, globulins, and 

enzymes, can also be present in the fluid.[191] However, abnormal concentrations of 

these components can suggest the presence of infection, inflammation or 

disruptions to the blood-brain barrier, all of which are associated with various 

neurological conditions.[189,190] CSF is frequently collected from the 

cerebellomedullary cistern at the back of the neck or the lumbar cistern in the lower 

back of dogs.[188,192] The invasive nature of CSF collection, along with the limited 

ethical availability of samples from healthy control animals, has resulted in fewer 

studies on CSF compared to blood or urine. Additionally, the limited sample volume 

can restrict analysis, especially after other clinical tests are completed.192 Despite 

these challenges, CSF remains a crucial biofluid for neurological biomarker 

research, as certain markers may not cross the blood-brain barrier.[193] Limited 
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research has focused on epilepsy biomarkers in CSF, with studies largely restricted 

to proteins[194–201], genetic information[197,202–204], and basic metabolites like lactate 

and glucose.[197,199,200] 

 

With the difficulty of diagnosing IE, a low-cost rapid solution that is easily accessible 

to veterinarians should be explored, for suspected and routine check-ups on 

dogs.[21] Given the challenges of diagnosing IE, a low-cost, rapid, and accessible 

solution for both suspected and routine check-ups on dogs is essential. This study 

aims to identify which metabolites can be observed using bNMR, determine the 

optimum pulse sequence for analysing CSF samples, investigate significant 

metabolite differences (biomarkers) between dogs with IE and healthy dogs and 

evaluate if a panel of metabolites can be developed to collectively differentiate 

between dogs with IE and healthy dogs. 

5.2. Materials and Methods 

5.2.1. Ethical Approval 

All samples were collected with informed consent from pet owners at the Dick White 

Referral Centre (DWR) with ethical approval for this study approved by the 

Nottingham Trent University (NTU) Ethical Comity Board ARE202139. 

 

5.2.2. Sample Collection 

All dogs in this study were client-owned, and informed consent was obtained from 

pet owners prior to sample collection and storage (-80°C) at DWR. After routine 

clinical investigations, any residual samples were stored at -80°C. The samples 

were then collected from DWR and delivered to Nottingham Trent University’s 

Medical Technologies Innovation Facility on ice in freezer boxes before being stored 

at -80°C until analysed on the HF-NMR and bNMR.  

 

5.2.3. NMR Sample Preparation 

The samples were first placed on ice and gently mixed by inversion until partially 

thawed. They were then allowed to reach room temperature while continuing to mix 

carefully. Samples with visible contamination, i.e., blood, were removed from the 

sample cohort. The maximum sample volume (³400 µL) was pipetted from the 
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sample tube into a 1.5 mL sterile microcentrifuge tube. 50 µL of a 0.5% 

trimethylsilylpropanoic acid (TSP) in D2O (w/v) and 50 µL 0.2% sodium azide in D2O 

(w/v) was added. A 0.1M phosphate buffer solution (7.2 pH) in D2O (v/v) was then 

pipetted to fill the remaining volume (100 – 350 µL) to make a final volume of 550 

µL. Samples were then gently mixed by inversion, pipetted into clean 5 mm NMR 

tubes, and then stored for up to two weeks at 4°C until analysed on the bNMR and 

HF-NMR.  

 

5.2.4. Study Population 

CSF samples (n = 225) for this study were collected from DWR. Samples were 

classified and filtered based on cohort criteria, with any sample below 200 µL being 

excluded (see Chapter 5.3.2 for more information). IE samples were classified by 

Linnaeus clinicians using the Tier II criteria established by the IVETF, as described 

in Chapter 5.1. Control samples, also classified by Linnaeus Clinicians, were 

selected based on the absence of neurological conditions, no seizure activity, and 

normal results in blood tests, MRI, and CSF examinations. Following sample triage, 

a total of 39 CSF samples were deemed suitable for this study, comprising 19 

samples from dogs diagnosed with IE and 20 from controls. 

 
Table 3 - Study Population of IE CSF samples and controls 

Characteristic IE (n = 19) Controls (n = 20) Total (n = 39) 

Age (years) 3.75 ± 2.27 8.24 ± 3.72 6.05 ± 3.81 

Sex (M:MN / F:FN) 6:6 / 2:5 7:6 / 2:5 13:12 / 4:10 

Breed Groups 

6 Cross, 1 
Herding, 1 

Hound, 2 Non-
Sporting, 6 
Sporting, 1 

Terrier, 2 Toy,  

2 Cross, 1 Herding, 
3 Hound, 1 Non-

Sporting, 8 
Sporting, 3 Terrier, 

2 Working,  

8 Cross , 2 Herding, 4 
Hound, 3 Non-Sporting, 14 
Sporting, 4 Terrier, 2 Toy, 

2 Working 

CSF Protein 0.17 ± 0.05 0.29 ± 0.18 0.23 ± 0.14 
Nucleated Cell 

Count 2.17 ± 1.47 94.54 ± 333.95 65.37 ± 276.22 

Red Cell Count 20.38 ± 33.12 183.29 ± 363.35 104.33 ± 270.77 
IE: Idiopathic Epilepsy. M: Male, MN: Male Neutered, F: Female, FM: Female Neutered 
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5.2.5. NMR Spectroscopy Acquisition Parameters 

Initial NMR spectra of the CSF samples was conducted by staff at the University of 

Nottingham using an 800 MHz Bruker spectrometer equipped with a 5 mm 

cryoprobe. A 1D nuclear overhauser effect spectroscopy (NOESY) presaturation 

pulse sequence was used to acquire the spectra. The full parameter list is included 

below: scans: 256, receiver gain: 34, relaxation delay: 12 seconds, pulse width: 10.7 

µs, presaturation frequency: 4.79 ppm, acquisition time: 3.1457 seconds, 

spectrometer frequency: 800.32 MHz, spectral width: 10416.7 Hz, acquisition size: 

32768, temperature: 25˚C. 

 

Samples were additionally analysed at NTU using a 400 MHz NMR Jeol ECX 

spectrometer. The parameters were as follows: Presaturation Periodic Refocusing 

of J Evolution by Coherence Transfer (PROJECT), temperature at 19˚C, number of 

scans: 128, receiver gain: 50, relaxation delay: 12 seconds, pulse width: 11.22 µs, 

acquisition time: 2.186 seconds, Tau: 2500 µs, 20 echoes, spectrometer frequency: 

399.52 MHz, spectral width: 5995.2 Hz, and acquired size: 16384. All samples were 

shimmed, locked to deuterium and tuned and matched. 

 

Additionally, bNMR data were acquired using a 60 MHz Oxford Instruments X-Pulse 

with an autosampler attached. The water suppression with a transverse relaxation 

filter that eliminates distortions (WASTED-II) pulse sequence parameters included: 

filter 5000 Hz, acquisition points 16384, temperature at 37˚C, number of scans 1024, 

relaxation delay of 2 seconds, Tau 2500 µs, 20 echoes, P90 6.893 µs, receiver 

attenuation 32, W5 water suppression 555 µs, gradient ramp time 100 µs, gradient 

duration 4000 µs, and gradient recovery time 1000 µs. All samples were shimmed 

and locked to deuterium. Tunning and matching occurred daily with no large 

deviations noted. 

 

5.2.6. Data Processing 

After acquisition, the data were processed in MestreNova (Version 14.1.1). Each 

sample was zero-filled, Fourier transformed, referenced to TSP at 0 ppm, and a 1 

Hz weighted apodization function was applied. Manual phase and baseline 

corrections were also performed. Following processing, 0.01 ppm bucketing was 

applied to data from the 400 MHz and 60 MHz systems, while manual binning was 
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used for the 800 MHz spectra due to its higher operating frequency. More detailed 

information on these methods is provided in Chapter 4.6.7. 

5.2.7. Data Analysis 

Data analysis was conducted using Python (version 3.10) with packages including 

pandas (version 1.3.4)[205], numpy (version 1.21.4)[206], matplotlib (version 3.5.1)[207], 

scipy (version 1.8.0)[208], and statsmodels (version 0.13.2)[209], as well as the online 

metabolomics package MetaboAnalyst 6.0.[210] Prior to multivariate and univariate 

analyses, the distribution of all metabolite features was examined within 

MetaboAnalyst using density plots of normalized intensity values. The density maps 

indicated that the data were approximately normally distributed following 

normalization and scaling, with no evidence of skewness or outliers that could bias 

subsequent analyses. Establishing normal distribution is important as it ensures that 

statistical assumptions underlying parametric tests and multivariate models, such 

as OPLS-DA and linear regression, are met. This improves the interpretability and 

reliability of variance partitioning, correlation strength, and model performance 

metrics. The observed normal distribution therefore supports the validity of the 

subsequent statistical and multivariate analyses performed in this study. 

 

5.3. Results 

5.3.1. NOESY Pulse Sequence with Water Suppression Using 1H 
NMR at 800 MHz 

Exploratory analysis of the 225 CSF samples was first analysed to identify the 

metabolites present. Previous research has been divided on the most suitable pulse 

sequence to use for CSF acquisition in metabolomics, with the main pulse 

sequences used being between NOESY and a T2 filter experiment such as Carr-

Purcell-Meiboom-Gill (CPMG) or PROJECT.[193,197] The NOESY Presaturation 

(noesypr1d.split) pulse sequence was initially used to identify metabolites on an 

800MHz 1H HF-NMR spectrometer. The 1D NOESY Presaturation pulse sequence 

is well suited for metabolomic analysis due to its robust ability to handle varying 

concentrations of water present in a sample.[161] The identification of metabolites 

were certified by screening the NMR spectra in the Human Metabolome Database 
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(HMDB)[211], as well as COSY (correlation spectroscopy) (Appendix 9.6). The 

identified metabolites were also compared with existing NMR literature exploring 

CSF metabolites. A total of 28 different metabolites were identified at 800MHz from 

dog CSF samples.[161] Figure 27 shows a representative spectrum of canine CSF 

with 24 metabolites, each number corresponding to a metabolite. Four metabolites 

that were identified but less frequently observed, are shown in appendix 9.9; the 

corresponding metabolites are 2-hydroxybutyric acid, 3-hydroxybutyric acid, 

acetone, and pyruvic acid. The most abundant metabolites across spectra were 

lactate, acetoacetic acid, glucose, and histamine. 
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Figure 27 - Annotated 800 MHz 1H NMR NOESY Presaturation spectrum of representative control canine CSF between 0.6 - 5 and 5.1 - 9.4 ppm.  The numbers correspond to a metabolite: 
These metabolites were: 1) Leucine, 2) Isoleucine, 3) Ethanol, 4) Lactate, 5) Alanine, 6) Acetic Acid, 7) Glutamic Acid, 8) Butyric Acid, 9) Glutamine, 10) Acetoacetic Acid, 11) Citrate, 12) 
Creatine / Creatinine, 13) 1,5-Anhydrosorbitol, 14) Glycerol, and 15) Glucose, 16) Mannose, 17) Urea, 18) Tyrosine, 19) Histidine, 20) Phenylalanine, 21) Histamine, 22)1-Methylhistidine, 23) 
Adenine, and 24) Formate.
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5.3.2. The Effect of the Volume of CSF on NMR Spectra 

Further exploratory analysis on the 225 CSF samples was completed to observe if 

metrics about the samples, such as breed type, diseases, sex, and sample volume, 

affected spectra. A principal component analysis (PCA) plot was created to visualise 

the variance of sample volume between spectra. Initial observations (shown in 

Figure 28) revealed that samples with less than 200µL of CSF tended to cluster 

together. This clustering was likely due to certain metabolites not appearing in these 

low-volume samples, as their concentrations fell below the noise level of the spectra. 

Despite attempts to mitigate these issues through Pareto scaling and normalisation, 

the variability in sample volume continued to affect the spectral results. 

Consequently, all samples with volumes below 200µL were excluded from the 

cohort to ensure data quality and consistency for subsequent analysis. A total of 

138 CSF samples were used for subsequent exploratory statistical analysis.  

 
Figure 28 - Principal Component Analysis (PCA) plot of CSF samples with volumes ranging from 100µL to 
400µL. PC1 and PC2 capture 69.2% and 14.4% of the variance, respectively. Sample volumes are indicated 
by a colour gradient: yellow represents samples with 400µL of CSF, green ~300 µL, blue ~200uL, and purple 
represents samples with 100µL or below. The clustering of low-volume samples (purple) suggests potential 
volume-related variability affecting spectral data. 
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5.3.3. The Effect of Protein Content in CSF Samples on NMR 

Spectra 

Protein and other large macromolecules, like lipids and cells, can affect NMR 

relaxation rates from their influence on molecular motion and magnetic field 

fluctuations.[97] The influence from slower tumbling rates that closely match the NMR 

frequency range, enhances dipole-dipole (interaction of two nuclei magnetic field) 

interactions leading to faster relaxation and causing line broadening.[97] 

 

Given the potential influence of proteins on NMR spectra, and in light of research by 

Albrecht et al. (2020) suggesting proteins may not significantly impact spectra, it 

was important to investigate this factor in detail.[212] 48 CSF samples, classified by 

clinical data from DWR, were selected based on protein content: 30 samples with 

high protein content and 18 with low protein content. To maximise separation and 

examine the metabolic differences associated with protein levels, an Orthogonal 

Partial Least Squares Discriminant Analysis (OPLS-DA) plot was used. The OPLS-

DA plot (Figure 29a and b) depicts the separation of metabolomic profiles between 

a normal protein content sample (red) and a high protein content sample (green), 

as classified by DWR during routine CSF analysis. Each point on the plot represents 

an individual sample, and the distinct clustering indicates robust metabolic 

differences associated with the experimental conditions. 

 
Figure 29 - OPLS-DA Plot with VIP scores showing the effects of protein content on spectra of CSF. a) OPLSA 
plot of Normal (red) and increased Protein (green) concentrations. High correlation (R2 = 0.742, p < 0.001) and 
predictive ability (Q2 = 0.578, p < 0.001) is observed. b) VIP scores plot showing the concentrations of smart 
metabolite bins with their significance. The Variable Importance for Projection (VIP) plot shows the metabolite 
bins (ppm) on the left, the VIP score on the bottom highlighting the contribution to the separation observed, and 
the relative increase or decrease of each bin compared to the two sample variables. Blue indicates a lower 
relative concentration with red indicating a higher relative abundance. 
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The OPLS-DA analysis revealed a strong correlation (R2 > 0.7) and predictive (Q2 

> 0.4) potential between protein content. Two high-protein samples fell outside the 

95% confidence region, indicating greater variability in samples rich in protein. High-

protein samples showed decreased levels of metabolites across the top 15 VIP 

(Variable Importance in Projection) contributing bins, suggesting that the proteins 

acted as relaxation mechanisms, leading to decreased relative metabolite 

concentrations in spectra with elevated protein levels. 

 

Due to the significant effect of high protein content on the spectra, these samples 

were excluded from the study cohort. A total of 30 high-protein samples were 

removed. These high-protein samples also contained elevated levels of cellular 

content; however, remaining cellular components, such as red blood cells (RBCs) 

and nucleated cell counts (NCCs), did not appear to affect the spectral data via 

OPLS-DA analysis after their exclusion. After the removal of high-protein and low-

volume (< 200 µL) samples, 39 samples (with clinical category confirmation) 

remained that met the study criteria, as summarised in Table 3. Age did have an 

effect on the metabolome of the CSF samples (Appendix Figure 9.10), with 

differences observed between a puppy and a senior dog, however, none of the 

remaining samples were in these categories.  

 

Since sample preparation was complete, alternative pulse sequences incorporating  

𝑇# filters were explored to minimise protein influence on the spectra. 

 

5.3.4. T2 filtered pulse sequences for CSF Analysis 

A simple approach was adopted, similar to that used by Albrecht et al. (2020), which 

did not involve removing proteins or other macromolecules from the samples 

physically. However, as indicated by the data in Figure 29, the relaxation effects of 

these macromolecules on the spectra needed to be minimised. Although Ruiz-

Cabello et al. (2022) demonstrated a sample processing technique where proteins 

in blood samples were filtered out, this would have increased analysis costs and 

added additional steps and time; complicating the initially intended straightforward 

approach. 
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One approach that would mitigate the need for extra sample preparation is 

manipulating the nuclei via different pulse sequences to reduce the impact of 

macromolecules on the sample. By incorporating delay periods between the 

excitation and acquisition of a signal, faster-decaying components from larger 

macromolecules are allowed to decrease by losing phase coherence. This 

component is named a 𝑇# filter, where chemical shift and field inhomogeneities can 

be refocused during a spin echo. More information on this topic can be found in 

Chapter 3.6. The CPMG pulse sequence, which uses a looped spin echo, was first 

applied to these samples to see if this pulse sequence was suitable. 𝐽 modulation, 

highlighted in Figure 30, was observed with significant modulations between 4.65 

and 3.65 ppm. Although the CPMG pulse sequence has shown a decrease in 

interfering macromolecule signals, only the chemical shift is refocused during the 

pulse sequence, with 𝐽 allowed to evolve. 

 
Figure 30 - A HF-NMR  1H NMR 400 MHz spectra of a representative CSF sample acquired using the CPMG 
experiment.   The Red boxes identify where significant 𝐽 modulation has occurred in glucose. Smaller 𝐽 
modulations around lactate have also arisen. Double slashed lines (//) indicate where the spectra have been 
cut. 
 

The PROJECT pulse sequence can be used to reduce 𝐽 modulation while allowing 

macromolecules to dephase.[160] PROJECT is also averse to sample heating issues 

due to the longer t delays compared to CPMG.[160] However, macromolecules were 
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not the only feature which needed to be supressed. Given the high-water content in 

CSF, an efficient solvent suppression method was required. 

 

For solvent suppression, presaturation was applied on the HF-NMR spectrometer, 

while the WET (Water suppression enhanced through T1 effects) pulse sequence 

with a PROJECT block was initially tested on the bNMR spectrometer. However, 

insufficient water suppression was observed on bNMR via this pulse sequence, 

potentially due to lock stability issues. As a result, the WAter Suppression with a 

Transverse relaxation filter that Eliminates Distortions (WASTED-II) pulse sequence 

was then used for bNMR analysis.[165,166] 

 

WASTED-II, as shown in Figure 31, incorporates the PROJECT pulse sequence 

with Robust-5 for water suppression. The addition of a lock pre-focusing gradient 

and spin locks help to reduce inhomogeneities, radiation dampening and pulse 

miscalibrations.[165,166] 

 

 
Figure 31 - WASTED-II pulse sequence schematic.  

 Robust-5 is shown in the left half of the diagram with the PROJECT pulse sequence in the right half. Gz is the 
gradient applied to the z axis. The dotted lines are to signify the reverse is used for every other pulse.  W5 refers 
to the WATERGATE 5 hard pulses. t is the delay length with n being the number of repeats PROJECT will 
complete. [165,166] 

 

Using the WASTED-II pulse sequence on the bNMR spectrometer at 60 MHz, 16 

metabolites were identified in a control CSF sample (Figure 32). For comparison, 

20 metabolites were identified using the Presaturation PROJECT pulse sequence 

on the 400 MHz HF-NMR spectrometer (Figure 33). The additional metabolites 

observed on the HF-NMR (marked in the red box in Figure 33) included those in the 

aromatic region: histidine, phenylalanine, histamine, 1-methylhistidine, and formate. 
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Figure 32 - bNMR spectrum between 0.8 – 4.2 ppm and 5.2 - 9.0 ppm of CSF, recorded using the WASTED-II pulse sequence.  

 The numbers correspond to metabolites, these metabolites were: 1) Leucine, 2) Isoleucine, 3) Ethanol, 4) Lactate, 5) Alanine, 6) Acetic Acid, 7) Glutamic Acid, 8) Butyric Acid, 9) Glutamine, 
10) Acetoacetic Acid, 11) Citrate, 12) Creatine / Creatinine, 13) 1,5-Anhydrosorbitol, 14) Glycerol, 15) Glucose and 17) Urea. 
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Figure 33 - 400MHz 1H HF-NMR spectrum between 0.8 - 4.2 ppm and 5.2 – 9.0 ppm of CSF, recorded using the presaturation project pulse sequence.  The numbers on the spectra correspond 
to metabolites, these metabolites are: 1) Leucine, 2) Isoleucine, 3) Ethanol, 4) Lactate, 5) Alanine, 6) Acetic Acid, 7) Glutamic Acid, 8) Butyric Acid, 9) Glutamine, 10) Acetoacetic Acid, 11) 
Citrate, 12) Creatine / Creatinine, 13) 1,5-Anhydrosorbitol, 14) Glycerol, 15) Glucose, 19) Histidine, 20) Phenylalanine, 21) Histamine, 22)1-Methylhistidine, and 24) Formate.
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5.3.5. Univariate Analysis 

Box plots and area under the curve (AUC) plots were generated to evaluate potential 

biomarkers in the metabolomic dataset. Following normalisation by sum and Pareto 

scaling (Figure 34), distinct group separations were revealed, highlighting specific 

metabolites with potential biomarker relevance in the 400MHz HF-NMR dataset. 

The normalisation and scaling approaches helped to minimise inter-sample 

variability, enhancing the visibility of key metabolites contributing to group 

differentiation. Statistical significance is supported via a p-value below 0.05 and an 

AUC above 0.7. 

 

5.3.5.1 Lactic Acid (1.32 ppm) 

Lactic acid levels were significantly lower in abundance in CSF samples from dogs 

diagnosed with IE compared to controls (Figure 34A and Figure 34B), with statistical 

analysis confirming significant differences (p < 0.001). The AUC analysis indicated 

good discrimination (AUC = 0.758), and the interquartile range (IQR) between 

groups showed clear separation with no outliers outside the whiskers, supporting its 

potential as a biomarker. A high false discovery rate (FDR) was also observed. 

 

5.3.5.2 Citric Acid (2.59 ppm) 

Similarly, citric acid showed a decrease in CSF samples from IE dogs (Figure 34C 

and Figure 34D). The AUC analysis indicated strong group discrimination (AUC = 

0.753) with significant differences (p < 0.01), high sensitivity (0.7), and specificity 

(0.9). However, the FDR was high at 0.344. Some overlap in the IQRs between 

groups was noted, with a few outliers (shown in the box plots) in both control and IE 

groups. 

 

5.3.5.3 Urea (5.65 ppm) 

Urea at 5.65 ppm was increased in IE samples, showing significant group 

differences (p < 0.05) (Figure 34E and Figure 34F). The AUC indicated good 

discrimination (AUC = 0.73) with a sensitivity of 0.8, specificity of 0.7, and a lower 

FDR (0.09) than the other metabolites analysed. The IE group displayed a smaller 

IQR, with some outliers in both groups. 

 



 113 

5.3.5.4 Urea (5.86 ppm) 

Unlike the previous urea signal, an alternative urea peak showed a lower abundance 

in IE samples compared to controls (Figure 34G and Figure 34H). Univariate 

analysis confirmed the significance (p < 0.01) of this difference, suggesting altered 

urea metabolism in IE. The AUC showed good discrimination (AUC = 0.743) despite 

a high FDR (0.641), with high sensitivity (0.9) and good selectivity (0.6). Extreme 

outliers were present in both groups, and both groups displayed a narrow IQR. The 

differences from the urea bins could be due to the sharper peak widths from a Lack 

of interfering macromolecules. 

 

5.3.5.5 Tyrosine (6.52 ppm) 

A tyrosine peak was increased in IE samples relative to controls (Figure 34I and 

Figure 34J). Although univariate analysis showed differences between groups, they 

did not reach statistical significance (p > 0.05). Outliers in this metabolite region 

caused narrow box plots. The FDR was moderate (-0.307), and both sensitivity and 

selectivity were at 0.7, with an AUC indicating modest discrimination (AUC = 0.685). 
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Figure 34 - AUC and box plots of lactic acid, citric acid, urea, and tyrosine.  A) ROC curve for lactic acid (1.32 
ppm) with a false discovery rate (FDR) threshold of 0.395, showing sensitivity and specificity at 70%. B) Box 
plot for lactic acid with strong significance (p < 0.001). C-D) AUC (0.753) and box plot for citric acid (2.59 ppm) 
with FDR of 0.344, sensitivity of 70%, and specificity of 90% (p < 0.01). E-F) AUC and box plot for urea (5.65 
ppm) showing sensitivity of 80%, specificity of 70%, and non-significant p-value (p > 0.05). G-H) AUC (0.743) 
and box plot for urea at 5.86 ppm with sensitivity of 90%, specificity of 60%, and significant p-value (p < 0.01). 
I-J) AUC (0.685) and box plot for tyrosine (6.52 ppm), showing sensitivity and specificity of 70%, and non-
significant p-value (p > 0.05). Outliers in the box plots are indicated by circles. 
 

5.3.6. Cumulative ROC 

To assess the collective discriminatory power of lactic acid, citric acid, urea, and 

tyrosine for distinguishing IE from control samples in CSF using HF-NMR, a 

cumulative receiver operating characteristic (ROC) test was performed. This test 

combines the metabolite signals into a single model, allowing the evaluation of the 

metabolite’s combined performance (sensitivity, specificity, and AUC) and 

assessing their clinical utility as a multi-metabolite (bin) panel. 

 

The cumulative AUC (Figure 35b) was determined to be 0.847 (95% CI: 0.684 - 

0.986, p = 0.008), demonstrating a strong predictive performance of the combined 

metabolite panel. A total of eight samples, four from each category, were excluded 

from the data set to be used for testing the model (Figure 35a), with the remaining 

43 samples used for the training of the model. The separation along the x-axis 

indicates how well the classifier distinguishes between the two groups. Samples 

closer to 1.0 on the probability axis are more confidently classified as IE, while those 

closer to 0.0 lean toward being classified as controls. A total of 13 samples were 

wrongly classified, however, given the confidence interval (0.684 - 0.986) and AUC 

value (0.847), this model suggests its potential for clinical utility. 
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Figure 35 - Cumulative ROC Test and AUC Plot for Classifier Performance.  a) shows predicted class 
probabilities for distinguishing IE samples from controls using a classifier based on selected metabolites: lactic 
acid, citric acid, urea, and tyrosine. Testing data are displayed in red, while training data are shown in grey, 
allowing visual assessment of model performance across both sets. Samples closer to the probability of 1.0 
indicate a stronger classification as IE, while those near 0.0 suggest a control classification. b) displays the 
cumulative ROC curve for the classifier, with an AUC of 0.847 (95% CI: 0.684–0.986), indicating good 
discriminatory power. 

 

5.3.7. Multivariate Analysis of Idiopathic Epilepsy and Healthy 

Controls 

Multivariate analysis (MVA) for metabolomic data can help the complexity of high-

dimensional datasets by considering multiple variables simultaneously to uncover 

intricate patterns among metabolites and groups. MVA can allow for dimension 

reduction, using techniques such as PCA. 

 

5.3.7.1 Statistically Significant Bins Distinguishing Between IE and Control 
Samples 

A Venn diagram (Figure 36) displays the overlap between statistically significant (p 

< 0.05) bins identified in bNMR and HF-NMR data. In total, 12 bins were found to 

be significant in both methods, while 54 bins were unique to the bNMR data and 36 

were unique to the HF-NMR data. 
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Figure 36 - Venn Diagram of the number of significant bins (non-FDR corrected) between spectrometers 
distinguishing IE from healthy controls. 

Volcano plots were used to explore the significant fold change (FC) bins between 

IE and control CSF samples. The metabolite bins that are both statistically 

significant appear in either blue or red, depending on whether tere is a relative 

increase or decrease between healthy controls and IE samples (Figure 37). 

 

To control for multiple comparisons, a FDR correction was applied to the data, as 

shown in Figures 33b) and d). Although no bins met the FDR threshold, the bNMR 

data were closer to this threshold, suggesting a stronger trend toward statistical 

significance. 
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Figure 37 - Significant bins distinguishing IE from healthy controls across the bNMR and HF-NMR results.  a) 
and b) correspond to bNMR results, with c) and d) corresponding to HF-NMR.   Figures a) and c) correspond to 
volcano plots with those significantly increased and decreased appearing in the top right and left of the figures 
respectively.  b) and d) show FDR-corrected significant bins spread across spectra.  

 

5.3.7.2 Principal Component Analysis of IE and Control Samples 

A PCA plot was used to observe any clusters within the samples. PCA reduces 

dimensionality and variables from a dataset. The IE samples from the bNMR data 

showed no distinct clusters between the control and IE samples (Figure 38). A total 

of 41.9% of the variance is explained by the PCA plot (PC1 = 27.3% and PC2 = 

14.6%). The 95% confidence regions (the red and green ellipses) show two 

observable outliers, one control and one IE sample. The control and IE sample 

outliers had higher levels of lactic acid, which contributed to why they were outside 

their respective eclipse. Increased lactic acid is most likely caused by anaerobic 

metabolism, like that seen in infections and seizures.  

 

The PCA plots, Figure 37a) and d) illustrate sample distribution based on 

metabolomic profiles of the control CSF samples against the IE group. The loadings 

plots, Figure 37b) ,c) ,e), and f), shows the correlation between metabolites and 

principal components (PCs). Metabolites with greater variability will appear further 

away from the baseline at 0. 

 

The bNMR and HF-NMR PCA loadings plot, Figure 38b), c), d) and e), display a 

similar loading and weighing function, with metabolites between 0 and 5 ppm 

contributing considerably to the overall distribution across samples.  Acetone at 2.22 

ppm and lactic acid at 1.32 ppm showed a greater influence of variance across the 

samples. A lack of variance between the group types was also observed in the HF-

NMR PCA plot (Figure 38d). This PCA plot did however have banding into two 

groups. This was caused by differences in the lactate concentrations, and where the 

maximum lactate signal was located between two different bins.
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Figure 38 - PCA and Loading Plots for bNMR and HF-NMR Datasets.  PCA plots, a) and d), display the 
distribution of control samples (red) and IE samples (green). The top row (a, b, c) shows bNMR data, while the 
bottom row (d, e, f) presents HF-NMR data. In the bNMR dataset, PC1 and PC2 account for 27.3% and 14.6% 
of the variance, respectively. In the HF-NMR dataset, PC1 and PC2 explain 26.4% and 20.7% of the variance, 
respectively.  

5.3.7.3 OPLS-DA Between IE and Control Groups 

OPLS-DA was employed to maximise the separation between CSF samples from 

dogs with IE and healthy controls. The bNMR OPLS-DA model was assessed using 

Q2 and R2 values, revealing a Q2 value of -0.128, indicating poor predictive ability, 

and an R2 value of 0.644, suggesting moderate goodness of fit. However, neither 

of the p-values associated with these metrics were statistically significant (p = 

0.3695 for Q2 and p = 0.1065 for R2), indicating limited confidence in the model's 

performance. The OPLS-DA plot (Figure 35) further showed a poor distinction 

between IE and control samples, with an Orthogonal T score of 12.2% and a T score 

of 4.7%, underscoring the challenges in discriminating between the two groups 

using this approach. The outliers from the 95% confident regions were sample 132 

(control) and sample 224 (IE). The HF-NMR OPLS-DA plot, Figure 35d, d), a). The 

model performed well with a great R2 value of 0.82 (p<0.05) with some predictive 

potential (Q2 = 0.187, p< 0.05). 

 

The colour maps, c) and f), indicate the strength of the association between 

metabolites and the separation between the two classes. Peaks in the positive 

direction represent metabolites that are in higher abundance while negative peaks 

are related to a lower abundance. The plot provides insights into the metabolites 

contributing most to the discrimination between the two classes, aiding in 

interpreting biological differences and potential biomarkers. c) and f) show signals 

around 2.25 and 1.32 ppm having a large effect on the separation between IE and 

Control samples. This is also displayed by the VIP loading scores plot, with lactate 

(1.32 ppm) being decreased in IE samples and acetone (2.25 ppm) being increased 

in IE samples.



Figure caption on next page 122 



 123 

Figure 39 - OPLS-DA Plots for bNMR and HF-NMR Data Comparing Controls and IE Samples in CSF. a) and 
d) show the OPLS-DA score plots, with control samples in red and IE samples in green. The variables 
significantly influencing the separation in the OPLS-DA models are highlighted in the corresponding VIP score 
plots (b for bNMR and e for HF-NMR) and the correlation coefficient/covariance plots across the spectra (c for 
bNMR and f for HF-NMR). bNMR Q2 =0.128, p=0.3695, and R2 = 0.644, p=0.1065. HF-NMR Q2=0.187, 
p<0.05 and R2=0.82, p<0.05. 

 

5.3.8. A Comparison of the Univariate and Multivariate Analysis 

of Each Metabolite 

A total of 20 metabolites were statistically evaluated using both the OPLS-DA 

algorithm and AUC analysis across the bNMR and HF-NMR data. From the HF-

NMR statistical analysis, 18 of the metabolites had a VIP score higher than one, 

with only urea and D-alanine yielding a score of less than one. These suggest strong 

significance from these 18 metabolites in contributing to the separation observed in  

Figure 39 D. The AUC analysis yielded eight significant metabolites in HF-NMR 

analysis (2-hydroxybutyric acid, 3-hydroxybutyric acid, acetic acid, citric acid, 

creatinine, D-glucose, isoleucine, and leucine). 16 metabolites were decreased in 

association with IE and four were in higher abundance. 

 

From the bNMR analysis ten metabolites had a VIP score above 1. The AUC 

analysis yielded six significant metabolites in bNMR analysis (3-hydroxybutyric acid, 

acetone, citric acid, lactic acid, pyruvic acid, and urea). 13 metabolites were 

decreased in association with IE and seven were increased in concentration. 
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Table 4 - Summary of bNMR CSF Metabolites from statistical analysis for discriminating IE from Healthy Controls. 

 bNMR HF-NMR 

Metabolite IE trend VIP Sensitivity Specificity AUC p -Value IE trend VIP Sensitivity Specificity AUC p - Value 

1,5-Anhydrosorbitol Up 0.381 0.5 0.8 0.580 0.268 Down 1.327 0.7 0.7 0.675 0.168 

2-Hydroxybutyric acid Down 0.707 0.8 0.4 0.529 0.687 Down 2.017 0.8 0.7 0.755 0.014 * 

3-Hydroxybutyric acid Down 2.457 0.6 0.8 0.698 0.006 ** Down 1.923 0.8 0.6 0.673 0.031 * 

Acetic acid Up 0.304 0.7 0.4 0.522 0.975 Down 2.440 0.4 0.9 0.623 0.025 * 

Acetone Up 2.526 0.7 0.6 0.690 0.011 * Up 2.419 0.5 0.7 0.591 0.145 

Citric acid Down 1.766 0.9 0.7 0.753 0.007 ** Down 1.832 0.7 0.7 0.760 0.003 ** 

Creatine Down 1.160 0.7 0.7 0.657 0.406 Down 1.338 0.6 0.7 0.641 0.106 

Creatinine Up 0.693 0.5 0.7 0.503 0.984 Down 1.649 0.7 0.7 0.671 0.026 * 

D-Alanine Up 0.314 0.4 0.8 0.509 0.819 Up 0.338 0.6 0.7 0.526 0.633 

D-Fructose Down 0.264 0.7 0.5 0.543 0.947 Down 1.676 0.5 0.8 0.641 0.111 

D-Glucose Down 1.702 0.7 0.7 0.657 0.069 Down 2.068 0.7 0.7 0.679 0.026 * 

Glutamine Down 0.643 0.8 0.5 0.631 0.086 Down 1.852 0.7 0.7 0.671 0.081 

Glycerol Up 0.130 0.8 0.5 0.511 0.961 Down 1.062 0.8 0.5 0.599 0.264 

Histidine Up 0.477 0.6 0.6 0.508 0.715 Up 1.179 0.6 0.6 0.559 0.209 

Isoleucine Down 1.804 0.5 0.8 0.631 0.142 Down 1.672 0.8 0.6 0.706 0.017 * 

Lactic acid Down 2.590 0.7 0.7 0.752 0.001 *** Down 2.350 0.7 0.5 0.655 0.059 

Leucine Down 2.108 0.7 0.7 0.644 0.099 Down 2.105 0.6 0.8 0.696 0.006 ** 
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VIP: variable importance in projection, IE: Idiopathic Epilepsy, *: p < 0.05, **: p < 0.01, ***:p < 0.001.  

Phenylalanine Down 0.058 0.6 0.6 0.505 0.671 Up 1.080 0.6 0.6 0.567 0.339 

Pyruvic acid Down 1.539 0.7 0.6 0.665 0.042 * Down 1.438 0.7 0.7 0.667 0.113 
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5.3.9. ROC Curve-Based Model Creation on the Top Six bNMR 

Metabolites 

 
Figure 40 - Plot of ROC cumulative analysis for the biomarker model. b) ROC cumulative analysis AUC of 0.709, 
95% Cl (0.5-0.873) p = 0.05. Predictive accuracy of 0.622 p = 0.098. The predicted class probabilities for all 
samples based on the PLS-DA biomarker model are shown in panel a). 

From comparing the two datasets, six metabolites (3-Hydroxybutyric acid, acetone, 

glutamate, lactic acid, isoleucine, and glucose) were chosen to be used in a ROC 

curve-based- model. This biomarker model used a PLS-DA algorithm. Eight 

samples were withheld from the model to be used for validation. These metabolites 

were chosen based on their AUC, VIP and p-value scores between both datasets. 

The model showed a good AUC value of 0.709, however, a low predictive potential 

with both stats showing it to not be statistically significant. 

 

5.4. Discussion 

The clinical diagnostic approach used for detecting and diagnosing IE has been a 

process of elimination by exhausting other causes of seizure activity, making it 

challenging to identify the disease.[67] The second tier of IVETFs IE diagnosis criteria 

currently includes routine CSF analysis but does not have a biomarker detection 

tool to diagnose the disease. However, using bNMR for detecting IE in dogs through 

CSF analysis could provide a low-cost detection method (< £2 consumable costs). 

This study aimed to identify detectable metabolites using bNMR, find an optimal 

pulse sequences for CSF analysis, and investigate significant metabolite differences 

between dogs with IE and healthy controls.  
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There is currently no published research on CSF analysis using bNMR. As such, it 

is important to identify which metabolites are detectable by bNMR. Despite facing 

challenges posed by the broad signals in bNMR CSF spectra, this study has 

identified 16 metabolites that could be used in future metabolomic studies. Although 

bNMR has a lower operating frequency than HF-NMR and the presence of proteins 

in the sample contributes to broad signals, this study has made progress in 

identifying metabolites at 60MHz for a CSF sample with minimal sample 

preparation. 

 

Using different spectrometer fields (800MHz, 400MHz, and 60MHz), this study has 

exposed the limitations of the lower field spectrometers. The bNMR spectrometer 

was unable to identify five metabolites that the 400MHz spectrometer could, these 

were histidine, phenylalanine, histamine, 1-methylhistidine, and formate. However, 

the bNMR could identify urea, which was unidentifiable using the 400MHz; most 

likely due to the use of the presaturation pulse sequence that was used on the 

400MHz spectrometer suppressing nearby signals to the water. The 400MHz and 

60MHz spectrometers were also unable to detect mannose, tyrosine, and adenine. 

This is most likely due to the lower sensitivity of the spectrometers, the relatively low 

abundance of some metabolites, and the larger peak widths observed in the lower 

field spectrometers. Future work on sample preparation may help to improve the 

signal-to-noise ratio. However, these issues could also stem from suboptimal 

spectrometer setup or variations in the concentrations of CSF samples used for 

analysis. In future studies, increasing the amount of CSF used for NMR analysis 

could help detect/identify further metabolites at these lower magnetic field 

frequencies. However, it should be noted that in veterinarian diagnostics, especially 

where smaller animals are being tested, lower volume samples for diagnostic testing 

may be preferred. 

 

After comparing the metabolite signals and their respective statistical values from 

the OPLS-DA and AUC analysis, Table 4, it was found that there were discrepancies 

in metabolite regulation between the spectrometers. For instance, 1,5 

anhydrosorbitol and glycerol were increased in bNMR but decreased in the HF-

NMR. However, the statistical significance of these results did not meet the 

minimum threshold (p > 0.05), which indicates that there is little or no evidence to 
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support the findings of significant differences between IE and controls of these 

metabolites. This helps to explain the deviation in the regulation of relative 

metabolite concentrations. 

 

The regulation of acetic acid presented a discrepancy between the bNMR and HF-

NMR data. While the bNMR data indicated an increase, the HF-NMR data showed 

a decrease. Interestingly, acetic acid met the evidence criteria for association in the 

HF-NMR data but not in the bNMR data. This disparity could be attributed to the 

difference in sensitivity between the two spectrometers, where the bNMR data was 

close to its limit of detection, hence the inability to accurately distinguish differences 

in this metabolite. The significance of acetic acid in IE detection, as observed in the 

HF-NMR data, was corroborated by a metabolomics study using gas 

chromatography-mass spectrometry (GC-MS).[213] Hasegawa et al. (2014) 

employed GC-MS to compare IE and control samples, identifying 16 metabolites 

that were statistically different between the two groups.[213] Notably, four of these 

metabolites were also identified in our study using HF-NMR and bNMR.[213] 

Hasegawa et al. (2014) reported an increase of isoleucine, acetic acid, and 

glutamine and a decrease of pyruvic acid in IE compared to the control group.[213] In 

contrast, the HF-NMR analysis suggested that all four of these metabolites were 

decreased, aligning with the literature only for pyruvic acid.[213] This discrepancy 

could be due to the overlap of nearby metabolites interfering with concentrations, 

which might also explain why bNMR could not distinguish this metabolite for IE 

detection. Glutamine is further reported to be disrupted in perturbed 

neurotransmitter cycling, astrocyte metabolism, or blood brain barrier function. 

Nevertheless, studies in canine IE and human epilepsy have found changes, though 

direction varies. 

 

Several factors could contribute to the differences observed between our study and 

the GC-MS study: sample preparation, centrifugation, and analytical techniques.[213] 

The GC-MS study used a paper-based extraction method, which could alter the 

concentrations of metabolites present in their samples.[213] The GC-MS sample 

preparation involved centrifuging samples at forces up to 15,000g. Recent research 

has raised concerns about the impact of high-force centrifugation on CSF 

samples.[212] Albrecht et al. (2020) suggest that high forces can negatively affect the 
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presence of metabolites and cause cells to break, introducing new metabolites to 

the sample.[214,215]  

 

In this study, centrifugation was avoided after the initial sample collection to mitigate 

these potential effects. The inherent differences between NMR and GC-MS 

techniques could contribute to variations in metabolite detection and quantification. 

These methodological differences highlight the importance of standardised 

protocols in metabolomics studies and the need for careful interpretation when 

comparing results across different analytical platforms. Future studies should aim to 

address these discrepancies and establish robust, reproducible methods for CSF 

metabolomics in IE detection. 

 

The analysis of both HF and bNMR data revealed 3-hydroxybutyric acid as the most 

promising biomarker for IE. This metabolite showed a consistent decrease in both 

datasets, demonstrating statistical significance and high VIP scores. This is 

metabolite is biologically plausible as a biomarker for IE. Ketone bodies, which 

include 3-hydroxybutyric acid, have documented anticonvulsant effects and are 

central to the mechanism of ketogenic therapies.[216] The brain’s main fuel is 

glucose. However, during periods of high energy demand or low glucose availability, 

such as that during a seizure, ketone bodies can instead be used as an alternative 

energy source. The ketogenic diet (high-fat and low-carbohydrate) is a well-

established and effective treatment for epilepsy. This is due to the diet forcing the 

body to produce ketone bodies to shift the metabolism away from typically energy 

production. This shift is known to have powerful anti-convulsant effects, this further 

supports 3-hydroxybutyric acid as a key biomarker for IE diagnosis.[216] Reduced 3-

hydroxybutyric acid may therefore reflect altered brain energy metabolism or a lack 

of protective ketosis, supporting its potential as a diagnostic or monitoring 

biomarker.[216] This finding underscores its potential as a robust indicator for IE 

diagnosis. 

 

Examining the overall trends, the HF-NMR data predominantly indicated the 

decrease of metabolites in cases of IE, with the notable exceptions of acetone and 

alanine, which were increased. The bNMR data supported the increase of acetone, 

which was statistically significant (p < 0.05). Additionally, the bNMR analysis 

identified lactic acid, pyruvic acid, and urea as decreased metabolites with VIP 



 130 

scores exceeding 1, indicating their high significance in distinguishing IE from 

controls. The increase of acetone, another ketone body, further supports a general 

shift in ketone metabolism. This finding provides a direct link between your 

metabolomic data and a known anti-epileptic therapeutic mechanism. Pyruvic acid 

and lactic acid further support a disruption to energy metabolism. Pyruvic acid is the 

end product of glycolysis and the gateway to the Krebs cycle, the main contributor 

to aerobic metabolism. Lactic acid is a biproduct produced from pyruvate during 

periods of high energy demand. Previously lactic acid has been identified as 

significant but traditionally this has been noted to be significantly increased.[217] In 

tonic-clonic seizures lactic acid is found with elevations found with in ~90% of cases 

within 30 minutes after seizure termination.[217] 

 

However, the extraction of CSF of this cohort included in this study was taken much 

longer than 30 minutes after seizure activity. This could therefore be a return to 

normal energy production with a reduction in altering metabolism in an effort to 

regulate normal energy metabolism or a different pathway in which IE present over 

other seizure activity. The unknown nature of IE continues to make mechanistic 

understanding of the disease hard to understand, therefore more studies with larger 

cohort could further improve this study. 

 

Discrepancies were observed between HF and bNMR data for five metabolites: 1,5-

anhydrosorbitol, acetic acid, creatinine, phenylalanine, and glycerol. These 

metabolites exhibited opposite regulation patterns in the two datasets. Several 

factors could explain these discrepancies, including low metabolite abundance, 

differences in baseline correction techniques, or varying sensitivities between the 

two analytical instruments. It should be noted that these metabolites had low VIP 

scores, suggestive of little weighting significance in distinguishing between IE and 

healthy controls for the bNMR OPLS-DA model. In the bNMR data, lactic acid and 

urea emerged as strong discriminators between IE and control groups, 

demonstrated by high AUC values. However, it's worth noting that the observed 

differences in urea concentration might be influenced by the WATERGATE solvent 

suppression technique or baseline correction adjustments, warranting careful 

interpretation. 

 



 131 

A further limitation of this study was the relatively low sample (n = 39) cohort. If a 

similar study is replicated in the future, the sample size should aim for more than 

100 samples, including larger groups of breed types and diseases, to ensure proper 

identification of significance. This low sample number could have also skewed 

biased models like OPLS-DA to overcompensate and create an unwarranted 

correlation, though this was avoided as much as possible in this study via the use 

of permutation tests. Increasing the number of samples would also enhance the 

cumulative ROC tests, as only four samples (about 10%) from the healthy and IE 

groups were available for validation of the model. Despite the small size of the 

validation group, the combined ROC test was able to distinguish between IE and 

control samples with a relatively high degree of confidence, achieving an AUC of 

0.847, which was statistically significant (p < 0.01). 

 

From a methodological perspective, several considerations emerged. The peak 

widths in the CSF spectra remained broad, particularly in bNMR, due to its lower 

operating frequency and the presence of residual proteins. This suggests that 

further optimisation of sample preparation could potentially improve metabolite 

detection, especially for the targeted analysis of specific metabolites of interest. The 

application of baseline correction, while similar for both HF- and bNMR datasets, 

was performed in separate groups, potentially defining different baselines and 

affecting the results. It is also important to note that this study was qualitative rather 

than quantitative. Further analysis should be conducted on qualitative studies to 

ensure that the results can be reliably quantified with minimal sample preparation 

and using the WASTED-II pulse sequence. 

 

The identified metabolites offer valuable markers for IE diagnosis. Moreover, these 

metabolite profiles could be instrumental in monitoring disease progression and 

treatment response, paving the way for more personalised veterinary care. 

However, to fully realise their diagnostic potential, it is essential to standardise 

protocols for CSF metabolomics studies, ensuring reproducibility and comparability 

across analytical platforms. Furthermore, conducting larger-scale validation studies 

will be essential to confirm the diagnostic accuracy of the identified biomarkers in 

diverse canine populations. 
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5.5. Future Work 

From the identifiable metabolites present in this study, the tracking of other diseases 

may also be viable. CSF is a relatively rare biofluid in the field of metabolomic 

research. As such, there is a reduced number of studies on the biofluid completed 

using NMR compared to urinary analysis and blood analysis. The results obtained 

in Figure 29, inferred very strong evidence for being able to distinguish between 

high and normal protein content samples, with predictive capacity. Although outside 

the realm of this preliminary research into IE CSF analysis using bNMR, and were 

hence excluded from the sample cohort, protein content may be able to be 

ascertained using lower operating frequencies and even using bNMR. This could 

provide further use to bNMR, making it more viable for routine analysis if other 

diseases are found to be able to be distinguishable on the spectrometer as well. 

 

Although CSF analysis is routine for IVETF tier 2 diagnosis of IE, it does add 

avoidable risk if a blood- or urine-based analysis could yield similar results. 

Therefore, further efforts could be made to identify biomarkers in biofluids which 

carry less risk to the patient. The IVETF identify that the “identification of causative 

genetic mutation of breed-specific movement disorders will significantly improve our 

ability to diagnose these conditions”. A wide genomic study into IE could greatly help 

to understand the cause of IE as well as guide metabolomic research. Further 

attention is also needed to fill the research gap of seizure severity and frequency on 

the metabolome. This not only could help with monitoring but also with diagnoses 

as well.  

 

Though this study incorporated many breeds with a range of different ages, making 

the study more generic to a general population of dogs, breed-specific variables 

affecting a dog’s metabolome may have unknowingly skewed the data. A future 

study which could extend the sample cohort to enable breed-specific investigations 

could eliminate risks of breed-specific metabolome changes to IE.  

 

Further limitations of this research, from the lack of sample volume from some 

samples, could have impacted the weighting of some results during normalisation. 

A future study where the sample cohort was more uniform with a higher 

concentration of CSF could help improve future studies.  
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5.6. Conclusion 

The gap this study aimed to address lies in the analysis of IE and the potential for 

bNMR to detect biomarkers in CSF. Existing research by Hasegawa et al. (2014) 

identified significant differences between controls, IE and other forms of epilepsy. 

However, the capabilities of bNMR, a low-cost analytical technique, were untested 

for the application of CSF metabolomic studies. Therefore, this study was focused 

on evaluating whether a minimal sample preparation method could effectively reveal 

IE biomarkers, thereby demonstrating the potential of bNMR as a viable tool for IE 

diagnosis. 

 

Despite the moderate correlation shown (R2: 0.644) in the OPLS-DA model for the 

bNMR data, the predictive ability and statistical significance were insufficient for 

robust classification. Several factors may contribute to these limitations, including 

the inherently low sensitivity of bNMR and the considerable overlap in metabolite 

signals. In contrast, HF-NMR has demonstrated its ability to distinguish IE from the 

controls (R2: 0.82) with statistical significance (p < 0.05) using an OPLS-DA model.  

 

Currently, the sensitivity of untargeted CSF metabolomics using bNMR is insufficient 

for reliable diagnosis. However, a more targeted approach, as demonstrated in this 

study through the cumulative ROC test (AUC: > 0.7, p> 0.05), suggests that key 

metabolites such as 3-hydroxybutyric acid, could serve as a useful biomarker for 

clinicians in determining IE using bNMR. This study has shown that the metabolites 

identified in this study are capable of distinguishing IE using HF-NMR. However, 

further refinement and validation are necessary to improve the sensitivity and 

predictive power of bNMR for clinical CSF applications in IE diagnosis. 
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Chapter 6 Metabolomics Analysis of Blood Plasma: An 
Asthma Investigation 

6.1. Introduction: 
Asthma is a chronic respiratory disease that affects millions of people worldwide, 

characterised by an obstructed airflow in the lungs, increased sensitivity of the 

airways, and ongoing inflammation.[17,218,219] The UK has one of the highest 

prevalences of asthma in the world, with over 5.4 million of its population having the 

disease.[220] 

 

Furthermore, the UK faces significant challenges in managing the disease, including 

the highest rate of severe asthma hospitalisations with insufficient respiratory 

specialists to meet the patient demand.[221,222] This has contributed to 46% of 

children who died from asthma receiving inadequate care.[222] Asthma imposes a 

significant burden on the UK, costing over £1.1 billion between 2011-12, with 14% 

of these costs arising from 6.3 million consultations.[222,223] Between 2008 to 2018 

deaths from asthma in England and Wales increased by 33%.[224] The cost of 

asthma has since risen to an estimated £3 billion in 2019.[225,226] Notably, many 

asthma deaths and expenses are preventable with improved management and early 

interventions.[222] Without appropriate measures, the mortality rate due to asthma in 

some regions is expected to increase significantly in the coming years.[227] 

 

Common asthma triggers include allergies (allergic asthma), pollution (non-allergic 

asthma), cold air (seasonal asthma), workplace (occupational asthma), and physical 

activity (exercise-induced asthma), leading to the disease being well managed with 

the correct prescriptions and plans in place.[17] However, there are tougher forms of 

the disease, like difficult-to-control (DTC) asthma, severe asthma (unresponsive to 

high-dose treatments) and eosinophilic asthma (infections), where more specialised 

treatment needs to be provided and managed in specialist clinics.  

 

DTC asthma refers to asthma that remains uncontrolled despite high doses of drugs 

or inhaled and oral corticosteroids.[228] Around 1 in 5 adults (17%) have DTC asthma, 

which is likely to arise from alterable factors such as the incorrect technique of 
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inhaler usage (≤ 80%), non-compliance (≤ 75%), smoking, and comorbidities such 

as obesity and obstructive sleep apnoea.[17,220,228,229] 

 

The NHS uses three main tests via breath analysis to help diagnose asthma cases: 

FeNo test (£25.13)[226], which measures levels of nitric oxide for signs of 

inflammation; spirometry (£17.37)[226], a measure of lung capacity and speed of 

deflation; and peak flow test (£9.87)[226], a speed of lung deflation recorded over 

multiple visits.[230] However, these tests are not always reliable or followed by 

clinicians. A systematic assessment of DTC asthma cases found that 12% did not 

have asthma, 20% were not correctly confirmed to have DTC asthma, and 7% had 

additional undiagnosed diseases.[13] This statistic is further exemplified by the 

estimated £1.5-7.5 million the NHS could save each year by reducing misdiagnoses 

of asthma alone.[13] 

 

Traditional methods of monitoring asthma severity rely on patient-reported 

symptoms, medication usage, and interference with daily life activities.[16,231] 

However, these methods may not always accurately predict the severity of asthma, 

and an analytical-based method could help improve detection. The disease's 

variability, including its different characteristics and responses to treatment, 

presents challenges for healthcare professionals in monitoring and detecting 

asthma.[16] Therefore, monitoring systems are needed to track the condition to 

improve asthma prediction and detection effectively.[232]  

 

Metabolomics offers a solution to this problem; however, the cost of analysis still 

holds back the field to be effectively used for widespread clinical use. One promising 

approach to enhance asthma prognosis and detection involves using bNMR. This 

method offers a cost-effective and portable solution for analysing biological samples 

and providing insights into disease progression. By comparing the results obtained 

from bNMR with those from HF-NMR, the suitability of bNMR for detecting asthma 

and the metabolites that can be detected at lower sensitivity can be assessed. 

 

Despite extensive research into NMR-based metabolomic approaches to asthma 

detection, bNMR is yet to be employed.  Existing research efforts have focused on 

a range of different biofluids, including exhaled breath condensate (EBC)[233,234] 

urine[235,236], blood plasma[237] and blood serum[219,238,239] to gain insights into the 
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metabolic alterations associated with asthma. These studies have provided valuable 

insights into the underlying pathophysiological mechanisms of asthma and have 

identified potential biomarkers for diagnosis and monitoring. 

 

Most of the research efforts in NMR metabolomics for asthma have focused on EBC, 

as highlighted in a reviewed by Kelly et al. (2016). Of the 21 studies that had been 

conducted, only six had been completed by NMR, with four focused on EBC, one 

with urine and the other with blood plasma.237 However, previous studies have yet 

to address the application of detection models in more cost-effective solutions as 

they have all previously used HF-NMR.[241] 

 

Jung et al. (2013) conducted a study using a 600 MHz HF-NMR spectrometer to 

observe the metabolic profile of asthma in healthy individuals from blood plasma.[238] 

The study successfully demonstrated that multivariate statistical analysis via partial 

least squares discriminant analysis (PLS-DA) and area under the curve (AUC) 

analysis, was able to distinguish asthmatic (90.9%) from healthy adults (100%), 

suggesting that proton NMR may be an effective tool for asthma diagnosis.[238] The 

study employed a minimal sample preparation approach, requiring only 

centrifugation and the addition of a buffer solution, and reduced the broad signals 

from proteins and lipids via the Carr Purcell Meiboom Gill (CPMG) pulse 

sequence.[238] Jung et al. (2013) identified 30 metabolites at 600 MHz using proton 

NMR with seven of which being classified as significant (formate, methanol, acetate, 

choline, O-phosphocholine, arginine, and glucose) for the association to identify 

between asthmatics and the control samples.[238] 

 

This research will explore two different forms of asthma, DTC as well as well-

managed asthma (MA), to collectively identify biomarkers between asthma 

phenotypes and healthy controls (HC) in plasma samples. No study has specifically 

compared the metabolic profiles of these phenotypes. However, existing literature 

indicates distinct metabolic signatures, with DTC asthma patients exhibiting higher 

levels of lactate, alanine, and pyruvate, suggesting increased anaerobic glycolysis 

and altered energy metabolism.[15,239] 

 

In this chapter, a pilot study of blood plasma samples from patients with asthma is 

presented. The aim is to identify the metabolites in plasma and potential biomarkers 
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at both the HF-NMR and bNMR levels using minimal sample preparation. This 

exploration could lead to more personalised and effective management strategies 

for asthma patients, as well as highlight the potential of bNMR metabolomics in 

asthma detection and management. 

 

6.2. Materials and Methods 

6.2.1. Study Population 

A total of 122 subjects were considered for this study, including 60 individuals with 

DTC asthma, 26 with MA, and 36 HC. The demographic and clinical characteristics 

of the study population are summarised in the table below. 

 
Table 5 - Clinical characteristics of the asthmatic study population 

M: Male, F: Female, BMI: Body Mass Index, DTC: Difficult-To-Control, MA: Well-Managed 

Asthma, HC: Healthy Controls 

6.2.2. Ethical Approval 

All samples were collected with informed consent in approval of the Nottingham 

Trent University (NTU) Ethical Comity Board (Ethics code: 689 and NCT03996590). 

 

6.2.3. Sample Collection 

The MA and HC samples were collected from participants at NTU. Participants 

completed a questionnaire and consent form covering ethnicity, sex, height, and 

weight. NTU participants needed to be non-smokers, with no serious symptoms of 

asthma over the past 12 months and no treatment of antibiotics of the past 3 months. 

Clinicians at Southampton University Hospital collected DTC samples. These were 

collected as a part of the Wessex AsThma CoHort of difficult asthma (WATCH) 

study. Samples were stored at -80°C until they were transferred to NTU on dry ice. 

All samples provided for this project were confirmed by GP for disease state. The 

Characteristic DTC (n=60) MA (n=26) HC (n=36) Overall (n=122) 

Age (years) 51.03 ± 15.54 25.42 ± 7.48 27.75 ± 4.63 38.70 ± 16.87 

Sex (M/F) 20/40 11/15 20/16 51/71 

BMI (kg/m²) 29.87 ± 6.99 24.37 ± 2.84 23.66 ± 2.72 26.87 ± 6.04 



 138 

WATCH participants for DTC classification also needed to be on high dose therapies 

and/ or with continuous or frequent use of oral steroids.  

 

Venous blood samples (8 mL) were drawn from the antecubital fossa region using 

a butterfly needle into Ethylenediaminetetraacetic acid (EDTA) plasma vacutainers. 

The tubes were gently inverted and then centrifuged immediately for 15 minutes at 

1,500 relative centrifugal force (RCF) at 4°C. The supernatant plasma layer was 

aliquoted and stored at -80 °C until further analysis. 

 

6.2.4. NMR Sample Preparation 

Samples were thawed at room temperature and vortexed for 30 seconds. 

Subsequently, 300µL of plasma was transferred into a 1.5mL microcentrifuge tube. 

Then 300 µL of a 0.2 M phosphate buffer deuterium solution, containing 0.2% 

sodium azide and 0.218 mM calcium formate, was added. Calcium formate was 

added as an internal standard, more detail can be found in Chapter 4.2.2. The 

mixture was vortexed for 30 seconds and then centrifuged at 12,000 RPM for 10 

minutes at 4°C. Finally, 550 µL of the supernatant was transferred into a 5mm 

Wilmad economy (600 MHz) NMR tube, achieving a final calcium formate 

concentration of 0.1 mM. 

 

6.2.5. NMR Spectroscopy 

Samples were analysed at NTU using a 400 MHz 1H NMR Jeol ECX spectrometer. 

The WASTED-II parameters were as follows: temperature at 18.6˚C, number of 

scans 256, receiver gain 50dB, relaxation delay 5 seconds, pulse width 11.22 µs, 

acquisition time 2.7315 seconds, Tau 2500 µs, 20 echoes, spectrometer frequency 

399.52 MHz, spectral width 12 ppm, and acquired size 16384 points. All samples 

were shimmed, locked to deuterium and tuned and matched. 

 

The bNMR data was acquired using a 60 MHz Oxford Instruments X-Pulse with an 

autosampler attached. The WASTED-II pulse sequence parameters included: filter 

5000 Hz, acquisition points 16384, temperature at 37˚C, number of scans 1024, 

relaxation delay 2 seconds, Tau 2500 µs, 20 echoes, pulse width 6.893 µs, receiver 

attenuation 32, W5 water suppression 555 µs, gradient ramp time 100 µs, gradient 
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duration 4000 µs, and gradient recovery time 1000 µs. All samples were shimmed 

and locked to deuterium. Samples were tuned and matched every day, with no 

observable difference observed. 

 

6.2.6. Data Processing 

After acquisition, the data was processed through MestreNova (14.1.1). All samples 

were zero-filled, Fourier transformed, referenced to calcium formate (8.44 ppm), and 

had a Gaussian apodization at 1 Hz weighting function applied. Manual corrections 

were made for phase and baseline. Following data processing, 0.01 ppm bucketing 

was applied and exported as a .csv file. Data was normalised by sum and Pareto 

data scaling applied via MetaboAnalyst6.0.36 Prior to multivariate and univariate 

analyses, the distribution of all metabolite features was examined within 

MetaboAnalyst using density plots of normalized intensity values. The density maps 

indicated that the data were approximately normally distributed following 

normalization and scaling, with no evidence of skewness or outliers that could bias 

subsequent analyses. Establishing normal distribution is important as it ensures that 

statistical assumptions underlying parametric tests and multivariate models, such 

as OPLS-DA and linear regression, are met. This improves the interpretability and 

reliability of variance partitioning, correlation strength, and model performance 

metrics. The observed normal distribution therefore supports the validity of the 

subsequent statistical and multivariate analyses performed in this study. 

 

6.2.7. Data Analysis 

Data analysis was conducted using Python (version 3.10) with packages including 

pandas (version 1.3.4)[205], numpy (version 1.21.4)[206], matplotlib (version 3.5.1)[207], 

scipy (version 1.8.0)207, and statsmodels (version 0.13.2)[209], as well as the online 

metabolomics package MetaboAnalyst 6.0.209 

 

6.3. Results 

This chapter represents the results of the bNMR analysis conducted to compare 

three groups: patients with DTC asthma, HC and people with MA. The primary 
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objective of this study is to identify significant differences in bNMR biomarkers 

among asthmatic groups, as well as identify the metabolites that are detectable 

using bNMR. This results chapter will be divided into sub-chapters to help answer 

questions relating to bNMR’s potential utility in metabolomics using blood plasma. 

 

6.3.1. Blood Plasma Assignment 

The use of databases such as the HMDB and chenomix, were used to assign 1H 

NMR spectra of blood plasma. Assignment confirmation was obtained through 

COSY spectra (Appendix 2-4). In total 20 metabolites from the bNMR spectra 

(Figure 41) and 22 metabolites from the HF-NMR spectra (Figure 42) were 

identified. Similar concentrations of metabolites were observed across both 

spectrometer fields with lipids, EDTA and formate being the most abundant. The 

latter two of which was added to the sample for anticoagulation and spectral 

alignment. Other metabolites which were in relatively large abundance include 

proline, dimethyl amine, glucose and lactate. The red boxes found in Figure 41 and 

Figure 42 display a zoomed-in section of the spectra to help better show these lower 

concentration metabolites.  
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Figure 41 - bNMR representable assigned spectra of blood plasma.   1 Lipids; 2 Leucine; 3 Valine; 4 Isoleucine; 5 Lactate; 6 Alanine; 7 Lysine; 8 Arginine; 9 Acetate; 10 Proline; 11 Glutamine; 
12 Glutamate; 13 EDTA; 14 Dimethylamine; 15 Glycine; 16 Creatine; 17 Glucose; 18 Tyrosine; 19 Histamine; 20 Histidine; and 21 Formate. 
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Figure 42 - HF-NMR representable assigned spectra of blood plasma.    1 Lipids; 2 Leucine; 3 Valine; 4 Isoleucine; 5 Lactate; 6 Alanine; 7 Lysine; 8 Arginine; 9 Acetate; 10 Proline; 11 Glutamine; 
12 Glutamate; 13 EDTA; 14 Dimethylamine; 15 TMAO; 16 Methanol; 17 Glycine; 18 Creatine; 19 Glucose; 20 Tyrosine; 21 Histamine; 22 Histidine; 23 Formate, * 13C satellite.
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6.3.2. Multivariate Metabolite Analysis 

The bNMR and HF-NMR spectroscopy analysis revealed significant metabolite 

differences between the three groups. Key metabolites that showed significant 

variations are presented below along with the general trend of the data between the 

spectrometers.  

 

6.3.3. Comparison Between Well Managed Asthma, Difficult-to-

Control Asthma, and Healthy Controls 

6.3.3.1 Principal Component Analysis 

Principal component analysis (PCA) was conducted to observe and compare 

variances between bNMR and HF-NMR data (Figure 43) across the three groups: 

MA n = 26 (Blue), DTC Asthma n = 60 (Red), and HC n = 36 (Green). The bNMR 

data explained 60.9% of the total variance (Figure 43a), while HF-NMR explained 

50.4% (Figure 43d). There was little separation between the groups, although the 

controls showed slightly more separation in the bNMR PCA plot. Both datasets 

noted outliers, with similar regions contributing to the main variance. The loadings 

plots (Figure 43 b, c, e and f) show the main variance is explained from branched 

chain amino acids (BCAA’s) and the sugars found between 3 and 4 ppm. Regions 

where EDTA were present were removed.  

 



Figure caption on the next page. 144 
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Figure 43 - PCA plot of asthmatic and healthy samples illustrating the distribution of samples across two principal 
components (PC1 and PC2).  Each point represents a sample, colour-coded by group: Healthy Controls (HC) n 
= 36 in green, Managed Asthma (MA) n = 26 in blue, and Difficult-to-Control Asthma (DTC) n = 60 in red. The 
ellipses represent the 95% confidence intervals for each group, indicating the spread and central tendency of 
the samples within each group. Loadings plot for the PCA illustrating the contribution of individual bins to the 
variance in the data (b,c,e,f). The x-axis shows the chemical shift (ppm), and the y-axis represents the loading 
values for PC1 (middle plots) and PC2 (the two right plots). The top columns relate to bNMR (a,b,c), while the 
bottom figures (d,e,f) relate to HF-NMR analysis. 

 

6.3.3.2 SPLS-DA 

 
Figure 44 - SPLS-DA plot illustrating the separation of samples into different groups : HC in green, MA in blue, 
and DTC in red. Each point represents a sample colour-coded by group. Each colour corresponding ellipse 
marks the 95% confidence regions. The bNMR data is located to the left, while the HF-NMR SPLS-DA plot is 
located on the right. The bNMR SPLS-DA plot explained 16% of the data, while only 8.5% is explained in the 
HF-NMR SPLS-DA plot.  

 

Sparse – partial least squares discrimination analysis (SPLS-DA) was used to 

supervise data to maximise separation between the three variables. Similar to the 

PCA figures, there are outliers present in the bNMR and HF-NMR SPLS-DA plot 

(Figure 44). The bNMR SPLS-DA plot explained 16% of the total variance, whereas 

the HF-NMR SPLS-DA plot only explained 8.5%. Neither spectrometer showed 

good separation between the groups, however, the HF-NMR data shows a slightly 

stronger separation between groups, especially the DTC group. The controls in the 

bNMR data show the best separation.  
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6.3.3.3 Significant Bins Between the Asthma Groups and Controls 

In total, there were 183 significant false discovery rate (FDR) corrected bins in the 

bNMR data and 108 bins that were significant in the HF-NMR data (Figure 45a and 

c). The HF-NMR identified a larger number of FDR-corrected bins. The bNMR data 

did not identify any bins that were significant when distinguishing DTC from MA. 

Similar bins were also identified in the bNMR data that were significant to distinguish 

between the asthmatic types making up 74.9% of the total significant bins in the 

bNMR data.  

 

The HF-NMR data (Figure 45c). showed a more even spread across the different 

data types and could distinguish between groups with more bins, as well as a wider 

variety of bins (Figure 45d) that can be used to explain the data types. The disparity 

between the spectrometer types is most likely because of peak widths resulting in 

more overlap of signals in the bNMR data and a reduction of significant bins in the 

aromatic region (6-9 ppm), due to the higher sensitivity of the HF-NMR. More 

significant bins are located between 0-5ppm in the bNMR data. 
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Figure 45 - Significant (< 0.05 ) FDR corrected associations between DTC, MA and the HC are shown in Venn 
diagrams A and C for bNMR and HF-NMR respectively. . The overlap of matching bins are located in between 
group types that can distinguish group types. Plots B (bNMR) and D (HF-NMR) show the FDR significant bins, 
highlighted in blue, that appear above the threshold identified by the red line. The x-axis represents the chemical 
shift (ppm), and the y-axis shows the -log10 adjusted p-value, with significant bins highlighted. The water peak 
and EDTA signals were removed from the spectra explaining for the gaps. 

 

 

Difficult to Control: Healthy: Managed: 

HF-NMR

Component 1 (13.9 %) 

C
om

po
ne

nt
 2

 (2
.1

 %
) 

bNMR

Component 1 (4.3 %) 

C
om

po
ne

nt
 2

 (4
.2

 %
) 

DTC vs HC DTC vs MA

HC vs MA 1H NMR Spectra Bins (ppm)

bNMR Significant Bins

DTC vs HC DTC vs MA

HC vs MA 1H NMR Spectra Bins (ppm)

HF-NMR Significant Bins

a) b)

c) d)



 148 

6.3.4. Comparison between Difficult-To-Control Asthma and 

Healthy Controls 

In this section, individuals diagnosed with DTC asthma n = 60 will be compared 

against the healthy controls n = 36. The significant bins will first be explored before 

moving on to exploring PCA, orthogonal partial least squares discrimination analysis 

(OPLS-DA) and area under the curve (AUC) plots, to explore biomarkers to 

distinguish between the two disease states.  

 

6.3.4.1 Significant Bins Comparing Difficult-To-Control Asthma with Healthy 
Controls.  

Volcano plots are used to identify metabolites that show significant differences 

between two given groups. It combines the fold change (FC) as well as the FDR-

corrected statistically significant (< 0.05) bins. Significant bins are located in the top 

right and left sides of the volcano plot, with the left side indicating a decrease in the 

metabolite and the right side indicating an increase. The bNMR volcano plot (Figure 

47a) shows DTC bins around 4.42ppm are significantly decreased compared to the 

HC, whereas the HF-NMR DTC bins (Figure 47b) around 4.78ppm are significantly 

increased compared to the HC group. 

 

The significant bins (identified by T-test) are also plotted (Figure 47b and d) in 

relation to their ppm value. Similar regions of HF-NMR and bNMR spectra are 

identified in both plots, with more statistically significant bins present around 8 ppm 

in the HF-NMR data compared to the bNMR spectra. The Venn diagram (Figure 46) 

shows the cross-over of significant bins that were observed in the HF-NMR and 

bNMR data as well as those which were only seen in their respective data cohort. 

The bNMR showed more significant independent bins (132) than the HF-NMR data 

(42). There were 40 bins where that were significant in both bNMR and HF-NMR 

spectrometers. Therefore, a total of 172 bins in the bNMR and 82 bins in the HF-

NMR. This discrepancy is most likely due to the different operating temperatures of 

the spectrometers and the lower operating frequency of bNMR with wider peak 

widths and lower sensitivity.  
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Figure 46 - Significant (< 0.05 ) FDR corrected associations between DTC and the HC for the bNMR and HF-
NMR data respectively. 



Figure caption on the next page. 
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a b 

d c 
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Figure 47 - Volcano and scatter plots of significant bins distinguishing DTC and HCs. The volcano plots (A and 
C) show the log2 fold change on the x-axis and the -log10 p-value on the y-axis. Metabolites with significant 
changes are highlighted in red (increased) and blue (decreased). Scatter plots (B and D) display significant bins 
across the spectrum. The x-axis represents the bins, and the y-axis represents the -log10 FDR adjusted p-value. 
Significant bins (FDR adjusted p-value < 0.05) are highlighted, indicating their statistical significance in 
differentiating between groups. The top plots correspond to the bNMR data, while the bottom two plots relate to 
HF-NMR. 

6.3.4.2 PCA Analysis: Principal Component Analysis of Difficult-To-Control 
Asthma and Healthy Controls 

PCA was used to explore the general variance and group separation between the 

two groups. The PCA plots (Figure 48a and d) illustrate a distinct lack of clustering 

of the HC, and DTC groups. The HC samples (green) are slightly more separated 

from the DTC samples (red) in the bNMR PCA plot (Figure 48a), while no separation 

is observed in the HF-NMR PCA plot (Figure 48b). The 95% confidence ellipses 

indicate the variability within each group, with the HC group showing the largest 

spread, suggesting greater heterogeneity in this group. The bNMR PCA plot (Figure 

48a) explains a similar amount of the total variance (43.5%) compared to the HF-

NMR PCA plot (Figure 48b) explaining 50.1% of the total variance. PC 2 explains a 

similar variation, however, PC 1 of the bNMR is considerably different around 4 ppm 

compared to the HF-NMR data.  
.



 
Figure caption on the next page. 
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Figure 48 - PCA plots (a and d) illustrating the distribution of samples across two principal components (PC1 
and PC2) for the bNMR and HF-NMR data respectively. 

 Each point represents a sample, colour-coded by group: HC n = 36 in green, and DTC n = 60 in red. The 
ellipses represent the 95% confidence intervals for each group, indicating the spread and central tendency of 
the samples within each group. The axes show the percentage of variance explained by PC1 and PC2, providing 
insight into the data's dimensionality and group separation. The loadings plots for PC1 (b and e) and PC2 (c 
and f) are shown against the ppm axis. Gaps in the figures are the water signal and EDTA signal locations, 
removed to eliminate their influence on the data.  The bNMR data is shows in the top three figures and the 
bottom three figures are for the HF-NMR data. 

6.3.4.3 OPLS-DA Analysis: Discriminating Difficult-To-Control Asthma from 

Healthy Controls 

To enhance group separation and identify the metabolites contributing most to the 

differences between groups, OPLS-DA was conducted. The OPLS-DA plot in Figure 

49a and d illustrate the separation of samples based on their respective groups. The 

plots clearly show a distinct separation between the HC (green) and DTC (red) 

groups for the HF-NMR data, with 95% confidence ellipses further confirming the 

clustering. Notably, there was no overlap observed in the HF-NMR OPLS-DA plot, 

and minimal overlap observed in the bNMR OPLS-DA plot. Permutation testing with 

2,000 permutations revealed significant differences between the observed Q2 value 

of 0.614 (p<0.001) and R2 value of 0.916 (p<0.001) for the HF-NMR data. 

Conversely, the bNMR data exhibited results lacking in predictive power (Q2: 

0.0756, p = 0.0025), with insufficient separation between the two groups (R2: 0.56, 

p = 0.1705) and a high p-value above the threshold. The VIP and scores plots show 

some similarities between spectrometer types, especially between 3 and 0 ppm. 

However significant bins around 7.7ppm were not identified in the bNMR data. 

 



Figure caption on the next page. 
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Figure 49 - OPLS-DA plots (a and d) illustrating the differentiation of samples from HC’s shown in green, and 
DTC asthma represented in red.  Each data point corresponds to a sample and is color-coded by group. The 
plot effectively distinguishes groups based on class membership and orthogonal variation, with the ellipses 
denoting the 95% confidence intervals for each group. Loadings plot for the OPLS-DA (c and f) showing the 
contribution of individual metabolites to the group separation. The x-axis shows the chemical shift (ppm), and 
the y-axis represents the loading values. The VIP scores for the top 15 bins are shown in plots b and e.  

 

6.3.4.4 ROC Curve Analysis: Evaluating Biomarker Performance in Difficult-
To-Control Asthma versus Healthy Controls 

The diagnostic performance of the bins was evaluated using receiver operating 

characteristic (ROC) curves. The ROC curve for distinguishing between HC and 

DTC (Figure 50) was generated, and the AUC was calculated to assess the 

accuracy of the biomarkers. Both the HF-NMR and bNMR AUC plots show that the 

models with 100 variables has the best performance. Notably, the HF-NMR data 

performed very well, exhibiting an AUC of 0.906 (95% confidence interval: 0.8-

0.984) with a predictive accuracy of 82.5%. Conversely, the bNMR data yielded a 

lower AUC of 0.668 (95% confidence interval: 0.455-0.863), falling below the 

customary AUC threshold of 0.7, with a predictive accuracy of 62.2%. The predicted 

class probabilities using the 100 variable model show a higher number of incorrectly 

predicted classes were identified from the bNMR data (Figure 50c) compared to the 

HF-NMR data (Figure 50d).  
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Figure 50 - ROC curve (a and b) showing the performance of biomarker models for distinguishing between HC’s 
and DTC.  The AUC indicates the accuracy of the biomarkers, with values closer to 1.0 indicating excellent 
discrimination. The plot includes sensitivity (true positive rate) on the y-axis and 1-specificity (false positive rate) 
on the x-axis. Plots c and d show the predicted class probabilities for all samples using a single biomarker 
model. 
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Table 6 - Metabolites summarising the data from the bNMR and HF-NMR spectra comparing Difficult-to-Control Asthma against Healthy Controls. 

 bNMR HF-NMR 

Metabolite Regulation VIP score AUC Sensitivity Specificity p-Value FDR Regulation VIP score AUC Sensitivity Specificity p-Value FDR 

Acetate Down 0.48 0.67 0.7 0.6 0.122 0.404 Up 0.67 0.58 0.5 0.7 0.250 0.612 

Alanine Up 2.10 0.67 0.6 0.7 0.008 0.087 Up 1.19 0.63 0.6 0.7 0.029 0.189 

Creatine Down 1.94 0.59 0.8 0.5 0.026 0.167 Up 1.08 0.59 0.6 0.6 0.064 0.309 

Glucose Up 0.22 0.55 0.8 0.4 0.417 0.767 Up 1.04 0.54 0.6 0.5 0.055 0.936 

Glutamate Down 0.80 0.65 0.6 0.7 0.052 0.256 Up 2.46 0.72 0.6 0.7 0.000 0.003 

Glutamine Down 1.27 0.68 0.7 0.6 0.014 0.115 Down 1.54 0.68 0.5 0.8 0.001 0.016 

Glycine Down 2.08 0.85 0.8 0.8 0.001 0.040 Up 0.13 0.51 0.6 0.5 0.793 0.936 

Histamine Up 0.58 0.55 0.5 0.7 0.552 0.852 Down 2.73 0.75 0.7 0.7 0.000 0.001 

Histidine Up 1.27 0.66 0.7 0.6 0.025 0.081 Down 0.17 0.54 0.5 0.7 0.905 0.982 

Isoleucine Down 0.25 0.57 0.7 0.5 0.307 0.864 Down 0.94 0.71 0.8 0.6 0.028 0.188 

Lactate Up 1.56 0.74 0.8 0.6 0.000 0.025 Up 1.57 0.67 0.8 0.6 0.004 0.040 

Leucine Up 1.23 0.56 0.7 0.5 0.235 0.598 Down 0.51 0.56 0.7 0.5 0.291 0.643 

Lysine Down 0.80 0.71 0.7 0.7 0.014 0.091 Down 1.68 0.63 0.6 0.6 0.004 0.037 

Methanol - - - - - - - Up 0.13 0.56 0.6 0.5 0.080 0.461 

Phenylalanine Up 0.60 0.51 0.5 0.5 0.543 0.850 Down 0.61 0.64 0.6 0.7 0.490 0.791 

Tyrosine Down 0.20 0.58 0.6 0.6 0.289 0.633 Down 1.55 0.64 0.7 0.7 0.073 0.331 
Valine Down 1.12 0.67 0.6 0.7 0.042 0.233 Down 1.34 0.67 0.6 0.7 0.002 0.024 
ROC: receiver operating curve, FDR: false discovery rate, VIP: variable importance in projection  
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6.3.5. Comparison between Difficult-To-Control Asthma and 

Well Managed Asthma 

Distinguishing between similar disease types can be vital to ensure diseases are 

being correctly detected and characterised. In this subchapter, the two asthma 

groups DTC (n = 60) and MA (n = 26) are investigated. The same statistical 

techniques used to distinguish between DTC and HC will be applied here to identify 

possible biomarkers that can be used to distinguish between the groups as well as 

compare the two spectrometers, to identify the differences between them.  

 

6.3.5.1 Significant bins between Difficult-To-Control Asthma and Well Manged 
Asthma 

The volcano plot analysis (Figure 52a and c) revealed that there were more 

significant bins in the HF-NMR data compared to the bNMR data. A noticeable 

decrease in fold change was observed in the bNMR data around the 4 ppm region, 

while the HF-NMR data showed an increase in metabolite bins at 6.64 ppm and 6.67 

ppm. In these figures, the scatter plots (Figure 52b and d) indicate that there are no 

significant bins in the bNMR data, while some significant bins remain in the HF-NMR 

data, primarily around the 8 ppm region. The Venn diagram (Figure 51) further 

highlights that 54 FDR-adjusted significant bins were identified in the HF-NMR data 

but not in the bNMR data. This suggests that bNMR may not effectively distinguish 

between the DTC and MA groups. 

 

 
Figure 51 - Significant (< 0.05) FDR corrected associations between DTC and MA for the bNMR and HF-NMR 
data respectively. 
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Figure 52 - Volcano and scatter plots of significant bins distinguishing asthma types. 

 The volcano plots (a and c) show the log2 fold change on the x-axis and the -log10 p-value on the y-axis. Metabolites with 

significant changes are highlighted in red (increased) and blue (decreased). Scatter plots (b and d) display significant bins 

across the spectrum. The x-axis represents the bins, and the y-axis represents the -log10 FDR adjusted p-value. Significant 

bins (FDR adjusted p-value < 0.05) are highlighted, indicating their statistical significance in differentiating between groups. 

The top plots correspond to the bNMR data (a and b), while the bottom two relate to HF-NMR (c and d). 

6.3.5.2 PCA: Principal Component Analysis of Difficult-To-Control Asthma 
and Well Managed Asthma 

PCA plots (Figure 53a and d) reveal minimal variation between the two groups in 

either the HF-NMR or bNMR data. Additionally, a total of four outliers were detected 

outside the 95% confidence regions in the bNMR data, with only two outliers 

observed in the HF-NMR data. The bNMR data accounts for 41.6% of the total 

variance, whereas the HF-NMR data explains a higher percentage at 55.9%. The 

main variance in the data observed from PC1 (Figure 53b and e) and PC2 (Figure 

53c and f) is attributed to signals ranging between 0 and 5 ppm in both the HF-NMR 

and bNMR.  

 



Figure caption on the next page. 161 
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Figure 53 - PCA plots (a and d) illustrating the distribution of samples across two principal components (PC1 
and PC2) for the bNMR and HF-NMR data respectively.  
 Each point represents a sample, colour-coded by group: MA in green (n = 26), and DTC in red (n = 60). The 
ellipses represent the 95% confidence intervals for each group, indicating the variance of the samples within 
each group. The axes show the percentage of variance explained by PC1 and PC2, providing insight into the 
data's dimensionality and group separation. The loadings plots for PC1 (b and e) and PC2 (c and f) are shown 
against the ppm axis. Gaps in the figures are the water signal and EDTA signal locations, removed to eliminate 
their influence on the data.  The bNMR data (a, b, and c) is shows in the top three figures and the bottom three 
figures are for the HF-NMR data (d, e, and f). 

6.3.5.3 OPLS-DA: Discriminating Difficult-To-Control Asthma from Well 
Managed Asthma 

To enhance group separation and identify the metabolites contributing most to the 

differences between groups, OPLS-DA was conducted. The OPLS-DA plot in Figure 

54a and d illustrate the separation of samples based on their respective groups. The 

plots clearly show a distinct separation between the MA (green) and DTC (red) 

groups for the HF-NMR data, with 95% confidence ellipses further confirming the 

clustering. Notably, there was no overlap observed in the HF-NMR OPLS-DA plot, 

and minimal overlap was observed in the bNMR OPLS-DA plot. Permutation testing 

with 2,000 permutations revealed significant differences between the observed Q2 

value of 0.495 (p<0.001) and R2 value of 0.762 (p<0.001) for the HF-NMR data. 

Conversely, the bNMR data exhibited results lacking in predictive power (Q2: 0.339, 

p<0.001), but sufficient separation between the two groups (R2: 0.907, p = 0.023). 

The VIP and scores plots show some similarities between spectrometer types, 

especially between 4 - 5 ppm. 
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Figure 54 - OPLS-DA plots (a and d) illustrating the differentiation of samples from MA shown in green, and 
DTC represented in red.   Each data point corresponds to a sample and is colour-coded by group. The HF-NMR 
OPLS-DA (d) plot effectively distinguishes groups based on class membership and orthogonal variation, with 
the ellipses denoting the 95% confidence intervals for each group. Loadings plot for the OPLS-DA models (c 
and f) showing the contribution of individual metabolites to the group separation. The x-axis shows the chemical 
shift (ppm), and the y-axis represents the loading values. The top 15 bins and their VIP score are shown in b 
and e. 

6.3.5.4 Univariate Receiver Operating Characteristic Biomarker Analysis 

 

Figure 55 - ROC curves (a and b) showing the performance of biomarker models for distinguishing between 
Managed Asthma (MA) and Difficult-to-Control Asthma (DTC).  The bNMR figures are displayed in a) and c) 
with the HF-NMR plots b) and d) on the right. The Area Under the Curve (AUC) indicates the accuracy of the 
biomarkers, with values closer to 1.0 indicating excellent discrimination. The plot includes sensitivity (true 
positive rate) on the y-axis and 1-specificity (false positive rate) on the x-axis. Plots c) and d) show the predicted 
class probabilities for all samples using a single biomarker model. 
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Multivariate exploratory ROC analysis indicates that using 100 variables yields the 

best AUC value of 0.652 (CI: 0.471–0.797), with a predictive accuracy of 61% for 

the bNMR data (Figure 55). In contrast, the same analysis for the HF-NMR set of 

100 variables shows an AUC above 0.828 (CI: 0.7–0.955), achieving a predictive 

accuracy of 78%. The predicted class probabilities support these findings, with more 

samples incorrectly identified in the bNMR plot compared to the HF-NMR plot. 

These results support the findings observed in the OPLS-DA plots that the HF-NMR 

data is better at predicting between the disease states than the bNMR data. 
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Table 7 - Metabolites summarising the data from the bNMR and HF-NMR spectra comparing Difficult-to-control Asthma against Well Managed Asthma. 

  bNMR HF-NMR 

Metabolite Regulation VIP 
score AUC Sensitivity Specificity p-

Value FDR Regulation VIP 
score AUC Sensitivity Specificity p-

Value FDR 

Acetate Up 1.29 0.57 0.8 0.4 0.217 0.814 Up 0.58 0.57 0.6 0.6 0.928 0.981 
Alanine Down 1.33 0.60 0.7 0.5 0.238 0.829 Up 0.29 0.56 0.5 0.7 0.092 0.547 
Creatine Up 1.05 0.65 0.6 0.7 0.268 0.879 Up 2.46 0.70 0.8 0.7 0.101 0.505 
Glucose Down 0.42 0.56 0.6 0.7 0.695 0.970 Down 1.80 0.73 0.7 0.7 0.017 0.241 
Glutamate Up 0.70 0.52 0.7 0.4 0.755 0.979 Up 3.11 0.80 0.7 0.9 0.098 0.503 
Glutamine Up 0.63 0.55 0.5 0.7 0.410 0.903 Down 0.33 0.53 0.7 0.5 0.030 0.295 
Glycine Down 0.35 0.57 0.5 0.7 0.986 0.999 Down 0.20 0.55 0.5 0.6 0.002 0.062 
Histamine Down 1.76 0.63 0.5 0.7 0.052 0.595 Down 1.28 0.62 0.5 0.7 0.058 0.399 
Histidine Down 1.55 0.74 0.8 0.7 0.063 0.643 Up 1.02 0.57 0.6 0.5 0.250 0.665 
Isoleucine Down 0.67 0.52 0.6 0.5 0.817 0.990 Up 0.58 0.53 0.5 0.6 0.016 0.237 
Lactate Down 0.58 0.52 0.6 0.5 0.538 0.960 Up 0.53 0.61 0.7 0.5 0.082 0.480 
Leucine Up 0.14 0.50 0.7 0.5 0.635 0.970 Up 0.21 0.56 0.6 0.6 0.001 0.041 
Lysine Up 1.17 0.54 0.4 0.6 0.778 0.985 Up 0.49 0.55 0.6 0.6 0.023 0.266 
Methanol - - - - - - - Down 0.13 0.57 0.5 0.7 0.079 0.467 
Phenylalanine Up 1.23 0.58 0.6 0.5 0.218 0.814 Up 0.66 0.55 0.6 0.6 0.211 0.652 
Tyrosine Down 0.09 0.51 0.4 0.5 0.925 0.990 Down 0.10 0.57 0.5 0.7 0.164 0.581 
Valine Up 0.69 0.53 0.5 0.5 0.898 0.990 Down 1.02 0.62 0.6 0.7 0.035 0.984 

ROC: receiver operating curve, FDR: false discovery rate, VIP: variable importance in projection  
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6.3.6. Comparison between Well Managed Asthma and Healthy 

Controls 

The volcano plots (Figure 57a and c) reveal similar regions in both the HF-NMR and 

bNMR data sets when comparing MA (n = 26) and HC (n = 36). However, the bNMR 

data displays a larger number of significant FDR-modified bins compared to the HF-

NMR data as shown in the Venn diagram in Figure 56. Specifically, the bNMR data 

shows more significant metabolites between 0-5 ppm, while the HF-NMR data only 

identified two significant metabolites in this range. In total, 148 bins were identified 

as significant in the bNMR data, whereas only 14 bins were identified as significant 

in the HF-NMR data. Notably, no matching bins were observed between the two 

data sets. This is despite similar bins around 8.00 ppm in bNMR and HF-NMR 

datasets both showing significant bins.  

 

 
Figure 56 - Significant (< 0.05 ) false discovery rate (FDR) corrected associations between Healthy Controls 
and Managed Asthma for the bNMR and HF-NMR data, respectively. 
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Figure 57 - Volcano and scatter plots of significant bins distinguishing between HCs and MA.  

 The volcano plots (a and c) show the log2 fold change on the x-axis and the -log10 p-value on the y-axis. Metabolites with 

significant changes are highlighted in red (increased) and blue (decreased). Scatter plots (b and d) display significant bins 

across the spectrum. The x-axis represents the bins, and the y-axis represents the -log10 FDR adjusted p-value. Significant 

bins (FDR adjusted p-value < 0.05) are highlighted, indicating their statistical significance in differentiating between groups. 

The top plots correspond to the bNMR data, while the bottom two plots relate to HF-NMR. 

6.3.6.1 PCA: Principal Component Analysis of Healthy Controls Asthma and 
Well-Managed Asthma 

The PCA plots (Figure 58) indicate that there is no significant overlap between the 

two groups. The Healthy group shows a larger variance than the MA group, with two 

principal components explaining 45.2% of the variance. In contrast, the HF-NMR 

PCA plot shows no separation between the groups, with PC1 and PC2 explaining a 

total of 55.9% of the variance. Furthermore, four outliers were observed in the bNMR 

group, whereas only two outliers were identified in the HF-NMR group. 
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Figure 58 - Principal Component Analysis (PCA) plots (a and d) illustrating the distribution of samples across two principal 

components (PC1 and PC2) for the bNMR and HF-NMR data respectively.  

 Each point represents a sample, colour-coded by group: MA in green (n = 26), and HC in red (n = 60). The ellipses represent 

the 95% confidence intervals for each group, indicating the spread and central tendency of the samples within each group. 

The axes show the percentage of variance explained by PC1 and PC2, providing insight into the data's dimensionality and 

group separation. The loadings plots for PC1 (b and e) and PC2 (c and f) are shown against the ppm axis. Gaps in the figures 

are the water signal and EDTA signal locations, removed to eliminate their influence on the data.  The bNMR data is shows 

in the top three figures and the bottom three figures are for the HF-NMR data. 

6.3.6.2 OPLS-DA: Discriminating Managed Asthma from the Healthy Controls 

The OPLS-DA analysis shows excellent separation for both the bNMR and HF-NMR 

data sets. For the bNMR data, the R2 value is 0.906 (p < 0.001), with a Q2 value of 

0.288 (p < 0.001). In the case of the HF-NMR data, similar results are observed, 

with only a few outliers detected in the healthy cohort and just one sample outside 

the 95% confidence region in the MA group. The distinction between groups is 

primarily driven by metabolites between 6-9 ppm, which include aromatic 

metabolites such as tyrosine, histamine and histidine. The R2 value for the HF-NMR 

analysis is 0.921 (p < 0.01), and the Q2 value is 0.532 (p < 0.001). 
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Figure 59 - OPLS-DA plots (a and d) illustrating the differentiation of samples from MA shown in green, and HC 
represented in red.  Each data point corresponds to a sample and is colour-coded by group. The plot effectively 
distinguishes groups based on class membership and orthogonal variation, with the ellipses denoting the 95% 
confidence intervals for each group. Loadings plots (c and f) for the OPLS-DA showing the contribution of 
individual metabolites to the group separation. The x-axis shows the chemical shift (ppm), and the y-axis 
represents the loading values. The top 15 bin and thier VIP score are shown in b and e corresponding to bNMR 
and HF-NMR respectively. 

6.3.6.3 ROC Univariate Biomarker Analysis 

The SVM classification method identified 100 variables with the highest AUC value 

at 0.774 (CI: 0.538-0.918) for the bNMR data, resulting in a predictive accuracy of 

69%. The HF-NMR data, ROC analysis also demonstrates that the AUC value 

strengthens with an increase in the number of variables. Using 100 variables, the 

AUC reached 0.834 (CI: 0.743-0.947). The predictive accuracy of these two 

classification methods was the closest matched than previously seen for the other 

categories compared. 

 
Figure 60 - ROC curve (a and b) showing the performance of biomarker models for distinguishing between MA 
and HC.  The bNMR figures are displayed on the left (a and c) and the HF-NMR plots are on the right (b and d). 
The AUC indicates the accuracy of the biomarkers, with values closer to 1.0 indicating excellent discrimination. 
The plot includes sensitivity (true positive rate) on the y-axis and 1-specificity (false positive rate) on the x-axis. 
Plots c and d: Plot of predicted class probabilities for all samples using a single biomarker model. 

. 
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Table 8 - Metabolites summarising the data from the bNMR and HF-NMR spectra comparing Healthy Controls against Well Managed Asthma. 

  bNMR HF-NMR 

Metabolite Regulation VIP 
score ROC Sensitivity Specificity p-Value FDR Regulation VIP 

score ROC Sensitivity Specificity p-Value FDR 

Acetate Up 2.02 0.73 0.7 0.7 0.003 0.037 Up 0.11 0.51 0.5 0.6 0.928 0.981 
Alanine Down 1.58 0.70 0.8 0.6 0.009 0.069 Down 0.69 0.59 0.6 0.7 0.129 0.547 
Creatine Up 1.44 0.62 0.6 0.7 0.005 0.032 Up 1.21 0.62 0.7 0.6 0.101 0.505 
Glucose Down 0.41 0.59 0.5 0.7 0.293 0.582 Down 1.81 0.69 0.6 0.7 0.017 0.241 
Glutamate Up 1.46 0.68 0.7 0.7 0.041 0.180 Up 1.56 0.63 0.6 0.7 0.098 0.503 
Glutamine Up 1.89 0.73 0.7 0.7 0.005 0.049 Up 1.23 0.64 0.8 0.5 0.030 0.295 
Glycine Up 2.14 0.81 0.9 0.7 0.000 0.028 Up 2.10 0.71 0.6 0.8 0.002 0.062 
Histamine Down 1.48 0.71 0.6 0.9 0.018 0.082 Up 1.82 0.65 0.6 0.8 0.058 0.399 
Histidine Down 2.09 0.83 0.8 0.7 0.002 0.032 Up 0.98 0.61 0.7 0.5 0.250 0.665 
Isoleucine Up 0.97 0.60 0.5 0.7 0.339 0.628 Up 1.64 0.67 0.6 0.7 0.016 0.237 
Lactate Down 1.19 0.64 0.6 0.7 0.040 0.272 Down 1.00 0.59 0.7 0.5 0.082 0.480 
Leucine Down 0.51 0.54 0.7 0.4 0.233 0.502 Up 1.33 0.61 0.7 0.6 0.001 0.041 
Lysine Up 1.83 0.75 0.7 0.7 0.006 0.038 Up 1.35 0.66 0.8 0.6 0.023 0.266 
Methanol - - - - - - - Up 1.58 0.65 0.7 0.7 0.079 0.467 
Phenylalanine Down 0.43 0.56 0.7 0.5 0.500 0.748 Up 1.17 0.64 0.7 0.6 0.211 0.652 
Tyrosine Up 0.42 0.57 0.6 0.5 0.422 0.695 Up 1.01 0.60 0.7 0.5 0.164 0.581 
Valine Up 1.40 0.69 0.7 0.7 0.043 0.185 Up 1.78 0.51 0.5 0.7 0.076 0.295 

ROC: receiver operating curve, FDR: false discovery rate, VIP: variable importance in projection  
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6.4. Discussion: 

Traditional asthma monitoring methods rely heavily on patient-reported symptoms, 

medication use, and daily activity interference, however, these approaches often fail 

to provide an accurate assessment of asthma severity.224,228,229 This study 

aimed to explore the potential of bNMR spectroscopy as a cost-effective solution for 

analysing biological samples and detecting phenotypes of asthma. By comparing 

bNMR results with HF-NMR, this research aims to evaluate the effectiveness of 

bNMR in detecting asthma and identifying relevant metabolites at this lower 

sensitivity.  

 

6.4.1. Metabolite Changes Between Well-Managed Asthma and 

Healthy Controls 

In a comparison between healthy individuals and those with well-managed asthma, 

it was discovered that the concentrations of glutamine, glycine, and lysine were 

lower in the latter group. These three metabolites were considered the most 

significant and were consistent with both the bNMR and HF-NMR datasets. 

However, glutamine and glycine did not meet the FDR threshold (FDR<0.05) in the 

HF-NMR dataset in contrast to the bNMR dataset. Therefore, lysine was the only 

bin that was FDR significant across datasets. Additionally, five other metabolites, 

namely acetate, creatine, glutamine, glycine, and histidine, were deemed significant 

in the bNMR data. 

 

The most comparable study, conducted by Jung et al. (2013), analysed healthy 

individuals and those with asthma using HF-NMR.[238] They identified asthmatic 

patients to be characterised by increased levels of methionine, glutamine, and 

histidine and by decreased levels of formate, methanol, acetate, choline, O-

phosphocholine, arginine, and glucose. This aligns with the findings present in this 

study with glutamine, methanol, acetate and glucose aligning with disease 

regulation and histidine aligning with the HF-NMR results.[238] However, Jung et al. 

(2013) emphasised the need for further investigation due to their relatively small 

sample size (n = 65) compared to the larger cohort presented in this chapter (n = 

122).[238] 
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Although histamines’ high bNMR VIP score suggests a significant contribution, the 

regulation of this bin was the opposite between datasets. However, the bin was not 

significant in the HF-NMR dataset although this correlates with Jung et al. (2013) 

study. This could be a result of overfitting of the model in this bin, but it could also 

be a result of overlap of nearby proteins and lipids, which are known to have an 

effect on spectra. 

 

Three other metabolites did not correlate between datasets, these were 

phenylalanine, leucine, and histidine.[239] Phenylalanine did not meet the 

significance threshold and had no significant statistics pointing towards its 

significance in the bNMR data, even though its metabolite regulation matched the 

literature. The HF-NMR data showed some significance from the VIP (1.17) and 

ROC (0.6) scores with an increase in healthy controls. However, this contrasts with 

studies that used GC-MS and NMR, which reported phenylalanine as higher in 

asthmatic patients, although, these findings were observed in a urine study and not 

a plasma-based study. study.[238,242] 

 

Leucine was also identified in these papers as having a low concentration in 

asthmatics. This result agrees with the bNMR data, even though the data suggests 

a lack of importance for this metabolite from other metrics such as the VIP score 

and ROC value. This was significant in the HF-NMR data but reported that leucine 

is higher in asthmatics, conflicting with existing research. Due to the lack of sample 

preparation taken in this study, lipids acting as relaxation mechanisms could have 

affected the intensity of the metabolite.[237] 

 

Histidine has been reported as decreased in asthmatics, which agrees with the 

bNMR results but not the HF-NMR results which were insignificant.[238,242] Moreover, 

the metabolites creatine, glucose, isoleucine, lactate, and valine were all significant 

in the bNMR and HF-NMR datasets, with the results aligning with existing research. 

This suggests that asthma can be detected through both bNMR and HF-NMR. 
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6.4.2. Metabolite Changes Between Difficult-To-Control and 

Healthy Controls 

Six metabolites, namely alanine, glutamine, isoleucine, lactate, lysine, and valine, 

displayed consistent regulation patterns across both datasets (bNMR and HF-

NMR), suggesting their potential as robust biomarkers for discriminating between 

the DTC and HC groups. However, discrepancies were observed for several 

metabolites which have been previously reported in asthma pathogenesis. Notably, 

histamine, emerged as the most promising candidate in the HF-NMR data, based 

on its high VIP and ROC score, although it failed to reach statistical significance in 

the bNMR dataset. This discrepancy could be attributed to the lower sensitivity of 

bNMR spectrometers compared to their HF-NMR counterparts, leading to potential 

signal overlap or a relatively low abundance of the metabolite.  

 

Three metabolites, glycine from the bNMR dataset and glutamine and histamine 

from the HF-NMR dataset, displayed significant AUC values, indicating their 

potential as diagnostic biomarkers.[237,242] However, their significance levels did not 

align between the two datasets, possibly due to variations in signal resolution or 

peak overlap. After applying an FDR correction, only two metabolites, glycine and 

lactate, retained statistical significance in the bNMR dataset. While lactate was also 

FDR corrected and significant in the HF-NMR data, glycine did not reach 

significance, potentially due to signal overlap with glucose or other nearby 

metabolites. These findings suggest that a subset of metabolites, including glycine 

and lactate, could serve as valuable biomarkers for detecting and differentiating 

DTC asthma from HCs. 

 

6.4.3. Metabolic Changes Between Asthma Phenotypes 

The comparison between the DTC and MA groups revealed several notable 

findings. In the bNMR data, no individual metabolite bins reached statistical 

significance after an FDR correction was applied. This lack of significant results 

could be attributed to the lower sensitivity of benchtop spectrometers compared to 

their HF counterparts, but may also be bNMR struggling to distinguish between 

closely related phenotypes.  
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Despite this limitation, histamine emerged as the most promising candidate for 

distinguishing between DTC and MA in both bNMR and HF-NMR datasets. 

Histamine exhibited high VIP scores (1.76 in bNMR and 1.28 in HF-NMR) and 

moderate ROC values (0.63 in bNMR and 0.62 in HF-NMR), indicating its potential 

as a biomarker for discriminating between the two asthma phenotypes. Glucose and 

glutamate also showed promise as potential biomarkers, with glucose displaying a 

high VIP score (1.80) and ROC value (0.73) in the HF-NMR data, and glutamate 

exhibiting a high VIP score (3.11) and ROC value (0.80) in the same dataset. The 

HF-NMR data showed that leucine was the only metabolite with FDR-corrected 

statistical significance yet lacked power in discriminating between the disease types 

as seen in the VIP (0.21) and ROC (0.56) scores.  

 

The variations observed between the bNMR and HF-NMR datasets can be 

attributed to several factors. Differences in peak widths and signal resolution 

between the two spectrometer types can lead to the potential overlap of closely 

located metabolite signals, resulting in signal suppression or masking especially in 

bNMR. Additionally, the closely matched metabolomic profiles of the DTC and MA 

groups suggest that the subtle differences between these asthma phenotypes may 

require higher sensitivity and resolution to be accurately distinguished. 

 

6.4.4. Biomarkers and their Asthma Phenotypes 

Histamine is a well-established mediator of allergic inflammation and asthma 

pathogenesis, released from mast cells and basophils upon exposure to allergens 

or irritants.[243] In this study, histamine emerged as a key biomarker distinguishing 

not only MA from healthy controls but also DTC from MA. This finding is biologically 

coherent: poorer disease control is typically associated with heightened airway 

inflammation and mast cell activation, both of which increase histamine release.[243] 

Lysine, another key metabolite identified, plays a critical role in regulating 

inflammatory gene expression through lysine acetylation, a post-translational 

modification that modulates chromatin accessibility and cytokine transcription in 

activated immune cells.[244] 

 



 179 

Several amino acids identified in this study, including glycine, glutamine, and 

glutamate, are known mediators of immunological activity and antioxidant defence 

in asthma.[245] Phenylalanine, conversely, has been reported to exert adverse pro-

inflammatory effects when elevated. These observations are consistent with the 

metabolite profiles reported here.[245] Changes in lactate levels further support 

metabolic reprogramming within the asthmatic airway.[246] Increased lactate 

production reflects a shift from oxidative phosphorylation to aerobic glycolysis, akin 

to the “Warburg effect” observed in cancer cells, suggesting that immune and 

epithelial cells in inflamed airways may adopt similar metabolic strategies.[246] Given 

this overlap, future studies should ensure that biomarker panels can discriminate 

asthma-related metabolic reprogramming from cancer-associated signatures. The 

observed alterations in glucose metabolism also support the notion of energy 

pathway remodelling, with the direction and magnitude of change dependent on 

disease severity and inflammatory burden.[247] 

 

The relative decreases in lysine, glutamine, and glycine observed among asthmatic 

patients align with multiple independent studies implicating amino acid pathway 

perturbations as central features of asthma.[245] Glutamine, in particular, is 

consumed by activated immune cells at rates comparable to or exceeding 

glucose.[245,247] Its depletion reflects the high metabolic demands of chronic 

inflammation, while supplementation has been shown to attenuate allergic airway 

inflammation via increase of MAPK phosphatase-1.[248] These findings suggest that 

reduced glutamine availability may contribute to persistent inflammatory signalling 

in asthma. 

 

Glycine serves as a key precursor for glutathione synthesis, the principal antioxidant 

in the respiratory tract. Its depletion likely reflects increased oxidative stress, a 

defining feature of chronic asthma.[245] Similarly, lysine’s role in post-translational 

acetylation links its metabolism to transcriptional regulation of immune responses, 

underscoring its relevance to the inflammatory phenotype observed.[244] 
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The elevation of lactate in asthmatic patients is particularly noteworthy. It represents 

a fundamental shift in cellular energy metabolism, wherein activated immune and 

structural cells rely more heavily on glycolysis even under oxygen-rich 

conditions.[246,248] This metabolic reprogramming supports rapid cellular 

proliferation, cytokine production, and tissue remodelling. Moreover, chronic airway 

remodelling and mucus plugging can create localized hypoxic environments that 

further promote lactate accumulation, making it both a marker and potential driver 

of disease progression. 

 

Histamine also emerged as the strongest discriminator between DTC and MA 

phenotypes in the HF-NMR dataset. As a principal mediator released during mast 

cell degranulation, histamine induces bronchoconstriction, increases vascular 

permeability, and amplifies local inflammation.[243] Its higher levels in DTC asthma 

suggest enhanced mast cell activity and more severe allergic inflammation in this 

phenotype.[243] The absence of histamine as a significant feature in the bNMR 

dataset likely reflects its relatively low abundance and the spectral resolution limits 

of lower-field instrumentation, emphasising the importance of analytical sensitivity 

when detecting low-concentration metabolites. 

 

Overall, the metabolic signatures identified in this study demonstrate strong 

biological plausibility and align closely with prior metabolomics literature on asthma. 

A recent systematic review of 21 asthma metabolomics studies reported that amino 

acids (notably glycine, glutamine, and alanine), lactate, acetate, and metabolites 

related to oxidative stress and immune function are consistently associated with 

asthma across populations, biospecimens, and analytical platforms. This 

convergence supports the robustness of the findings presented here and 

strengthens confidence that the biomarkers identified reflect genuine metabolic 

perturbations in asthma pathophysiology rather than analytical artefacts or random 

variation. 
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6.5. Conclusion 

This study highlights the potential for bNMR to be used as a cost-effective screening 

tool for asthma. Through the comparison of OPLS-DA and AUC results with HF-

NMR data, this research has identified key metabolites, such as lysine, glutamine, 

glycine, and lactate, as consistent biomarkers to distinguish between MA and control 

samples. Additionally, histamine and glucose emerged as potential candidates for 

differentiating between managed asthma (MA) and difficult-to-control (DTC) 

asthma, though their significance was only validated in the HF-NMR data, 

suggesting difficulty in the ability of bNMR to distinguish between disease 

phenotypes.  

 

Further optimisation of minimal sample preparation and data acquisition protocols, 

as well as the utilisation of complementary analytical techniques and larger cohorts, 

are warranted to validate and characterise these potential biomarkers for their 

diagnostic and prognostic utility in asthma management. 

 

In conclusion, this research demonstrates that bNMR can reliably detect metabolic 

changes in asthma, supporting its role as a complementary tool to HF-NMR. 

However, the differentiation of disease phenotypes may require the higher 

sensitivity and resolution offered by advanced analytical platforms. By addressing 

these limitations and continuing to refine methodologies, bNMR could play a pivotal 

role in expanding the accessibility of metabolomics and its prognostic utility for 

asthma diagnostics.  
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Chapter 7 Type II Diabetes Monitoring, Detection, and 
Bariatric Surgery Outcome Prediction 

7.1. Introduction 
Diabetes mellitus (DM) is a non-communicable disease characterised by impaired 

insulin production or sensitivity, which pertains to periods of hyperglycaemia and 

hypoglycaemia.[249–251]The micro- and macrovascular complications arising from DM 

were identified in 2019 as the primary cause of approximately 100,000 cases of 

heart failure, 27,000 cases of myocardial infarctions and a minimum of 10,300 cases 

of end-stage renal disease annually.[252–257] 

 

Further complications for patients with DM include preventable sight loss and a risk 

of limb amputation that is 20 times greater than their healthy counterparts.[252–257] 

However, serious complications can be mitigated through tight glycaemic control, 

achieved primarily via continual monitoring of blood glucose (BG) levels and 

frequent medical interventions.[255,258–260] DM is a broad term that includes type 

1 diabetes mellitus (T1DM) and type 2 diabetes mellitus (T2DM). T1DM is defined 

by the destruction of insulin-producing β cells of the pancreas, often as part of an 

autoimmune response.[252,257,261,262] As a result, BG levels need to be monitored and 

appropriately managed by routine injections of insulin into adipose tissue.[263][264] 

Although the aetiology of T1DM is not fully understood, genetic predispositions 

contribute to an increased risk of β cell destruction. This destruction can also be 

induced by infections which affect immunoregulation.[255,265,266]  

 

Approximately 4.4 million people in the UK live with diabetes, with an additional 1.2 

million living with T2DM who are undiagnosed.[267] T2DM presents as one of the 

most prevalent chronic metabolic disorders of the 21st century (~90% of all UK 

diabetes cases), despite its progression being largely preventable.[250][249,261] Unlike 

T1DM, the defining characteristics of T2DM include both progressive development 

of insulin resistance and chronic hyperglycaemia.[268,269] Insulin resistance in a 

clinical setting, is associated with elevated insulin due to compensation by the 

pancreas to attain normoglycemia; as a result, the pancreas is overworked to meet 

the required insulin levels. Over time, the pancreas becomes less effective and 
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unable to produce sufficient insulin, leading to chronic hyperglycaemia. Although the 

exact pathology of insulin resistance is complex, the majority of causal factors 

include advanced age, genetic predispositions, and lifestyle factors such as lack of 

activity and poor diet leading to obesity.[262] A combination of any of these factors 

and the infrequency of regular DM screening could support a high persistence of 

T2DM in older populations.[262] The vast majority (97.5%) of T2DM cases are 

associated with at least one co-morbidity, whilst 88.5% of patients suffer from at 

least two co-morbidities, which are often linked in their pathology.[261] Health 

complications can begin to develop 5-6 years before a patient is diagnosed with 

T2DM and these complications could be avoided by identifying potential biomarkers 

associated with early-stage T2DM and implementing different monitoring 

techniques.[268,269] 

 

High BG levels are a primary manifestation of DM, however despite hyperglycaemia 

having a complex etiological process, elevated plasma glucose levels and glycated 

haemoglobin are currently the sole biomarkers for diabetes diagnosis.[268] There are 

two direct methods of BG testing for DM diagnosis: the fasted plasma glucose 

test (FPG) or the oral glucose tolerance test (OGTT).[270,271] An indirect 

method (HbA1c) is based on measuring glucose by the percentage of glycated 

haemoglobin, which can have a strong positive correlation with chronic 

hyperglycaemia.[272,273] A diagnostic guide for diabetes and prediabetes is shown in 

Table 9. DM is often determined after two positive tests at different time points to 

mitigate the effects of daily perturbations. However, such techniques lack predictive 

capacity. 

 
Table 9 - Diagnostic criteria for diabetes and pre-diabetes. 

 Normal/ Non-diabetic Pre-diabetes Diabetes 

FPG (mmol/L) < 5.5 5.5 – 7.0 > 7.0 

OGTT (mmol/L) < 7.8 7.8 – 11.1 > 11.1 

HbA1c (mmol/L) < 42 42 – 47 > 47 

 

The HbA1c test assesses chronically elevated BG and can be used to complement 

other tests for diagnosing the development of T2DM. Although factors such as age 

and ethnicity can impact haemoglobin glycation, measuring the percentage of 
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HbA1c can provide a representation of BG level for the previous 8 -12 weeks.[273–

276] 

 

Compared to the FPG and OGTT tests, the HbA1c test is not affected by fasting 

status or perturbations caused by stress or illness.[273,277] Despite these advantages, 

the accuracy of the test has been questioned.[277–279] The technique relies on the 

glycation of haemoglobin, a process that occurs over the lifespan of erythrocytes 

(red blood cells), which typically live for around 120 days.[277] Any variation in the 

rate of erythrocyte turnover, such as increased production or destruction, can affect 

the HbA1c reading, potentially leading to inaccurate results.[277] For example, 

individuals who are pregnant, suffer from sickle cell anaemia, or have experienced 

a large volume of blood loss often have altered erythrocyte turnover. In cases of 

blood loss, this is due to accelerated production of new erythrocytes to compensate 

for the loss, while in sickle cell anaemia, abnormal erythrocyte destruction shortens 

their lifespan.[277] These factors compromise the reliability of the HbA1c test in such 

cohorts. As a result, BG is traditionally measured via the FPG or OGTT in these 

cohorts.[280] 

 

Unlike the HbA1c test, the FPG test can diagnose DM without having to account for 

patient-specific variables such as age or sex, which makes its application 

straightforward in comparison to the HbA1c test. However, patient adherence to the 

minimum 8-hour fasting period can be challenging to control. Moreover, the 

presentation of intercurrent diseases and conditions such as infection, stress 

medication, recent dietary intake and dehydration has the potential to affect the test 

results; thus, is a limitation of the FPG test’s effectiveness.[271,281–283] Another factor 

to consider is that without the presence of clear clinical symptoms, such 

a test needs to be repeated or confirmed by another test such as the OGTT to 

provide a more stable and reliable measure of BG regulation.[271,281–283] 

 

The OGTT has been recommended as an early diagnostic test for T2DM in patients 

who are gaining weight and have HbA1c within a pre-diabetes range. This test 

measures blood glucose levels before, and at regular intervals after, consuming a 

glucose drink to monitor the body’s ability to process sugars.[281] Similar to 

FPG, the OGTT is considered a low-risk test that can be used for pregnant women 

and other patients who are unable to receive accurate results with HbA1c 
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testing.[256,281,284] However, in order to obtain reliable results analysis needs to be 

completed over multiple days, with at least 8 hours of fasting before sample 

collection takes place. 

 

The global increasing prevalence of obesity and its related comorbidities, notably 

T2DM, represents, an escalating global public health crisis.[147] With the 

International Diabetes Federation predicting a T2DM prevalence at 10.5%, 

innovative approaches to management and treatment are crucial.[147] Bariatric 

surgery has emerged as a powerful tool for achieving effective and long-lasting 

weight loss, significantly impacting T2DM remission and glycaemic control.[285] Over 

50,000 bariatric surgeries took place from 2012 – 2022 in the UK.[286–288] Although 

mortality rates associated with bariatric surgery remain low at 0.13%, surgical 

outcomes remain variable with 15% of cases unable to achieve weight loss.[288–290] 

Factors contributing to this include non-adherence to post-surgery guidelines, 

psychological challenges, and metabolic differences. Bariatric surgery also comes 

at a huge cost, with procedures ranging between $12,000 to $30,000 in America.[291] 

 

The ability to predict the outcomes of bariatric surgery is a pivotal goal of this field, 

allowing for the risks associated with surgery to be minimised, along with cost 

benefits to healthcare providers to be better managed.[292] Several predictive models 

have been developed, including the DiaRem score, which considers factors such as 

age, HbA1c levels, and medication usage.[293–295] The ABCD model incorporates 

additional patient-specific characteristics (age, body mass index, C-peptide, and 

diabetes duration).[294] Despite their potential, the complexity of these models may 

limit their widespread implementation. While these models have shown promise, 

their reliance on static, predefined variables limit their adaptability to individual 

patients that might not capture subtle variations influencing surgical success. 

 

Alternatively, metabolites could be used as predictors from non-invasive biofluids 

such as urine or saliva. Recent advancements in the application of metabolomics, 

specifically NMR spectroscopy, have offered a promising avenue toward achieving 

this goal.[296] Metabolomics enables the comprehensive analysis of small-molecule 

metabolites within biological systems, providing an in-depth understanding of the 

biochemical changes associated with obesity, T2DM, and a patient’s response to 

surgical intervention.[296] While high-field NMR (HF-NMR) has limited clinical 
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applications due to its costly maintenance and operation, benchtop NMR (bNMR) is 

emerging as a cost-effective solution for investigating T2DM and other metabolic 

conditions.[108,297–302] This cost reduction comes at the expense of sensitivity and as 

such studies need to be undertaken in conjunction with HF-NMR to fully understand 

its utility for healthcare applications.[297]  

 

Three diabetes studies using bNMR have been conducted to date, where diabetes 

is able to be detected from healthy individuals, however further work on pre-diabetes 

and other factors affecting the metabolome such as surgery have not yet been 

explored.[108,297–302] Unlike static predictive models, bNMR can identify real-time 

biomarkers to provide a comprehensive view of the biochemical landscape pre- and 

post-surgery. This approach allows for identifying subtle metabolite variations linked 

to weight loss, glycaemic control, and overall surgical outcomes, potentially 

improving prediction accuracy. Additionally, bNMR’s ability to generate 

reproducible, high-throughput data could make it a more scalable solution for 

healthcare systems, enabling dynamic, data-driven adjustments to patient care. 

These advantages highlight the potential of metabolomics to address the limitations 

of traditional models, paving the way for more effective and personalised bariatric 

surgery planning.[297] 

 

As well as testing the detection capabilities of bNMR, this study investigated three 

different bariatric surgery methods: biliopancreatic diversion (BPD), laparoscopic 

greater curvature plication (LGCP), and laparoscopic adjustable gastric banding 

(LAGB). Although all three methods reduce stomach capacity, they function through 

distinctly different mechanisms, with some involving more drastic surgical 

procedures. BPD involves removing a large portion of the stomach and bypassing 

the majority of the small intestine. This surgery can often lead to significant weight 

loss through restriction and malabsorption, as well as nutritional deficiencies that 

can require long-term vitamin and mineral supplementation. LAGB is less invasive 

and involves placing an adjustable band around the stomach to restrict the intake 

and size of the stomach. This procedure often leads to less weight loss than BPD 

and is subject to complications like band slippage or erosion. LGCP also reduces 

the stomach size by folding the stomach in on itself and suturing the greater 

curvature without removing any stomach tissue or bypassing the intestine. Like the 
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LAGB surgery, LGCP is less invasive but typically results in less weight loss than 

other procedures.  

 

Limited research has been conducted on these surgery types with BPD being 

updated with Roux-en-Y gastric bypass, often called RYGB for short. RYGB is 

another type of bariatric surgery that is more commonly used than BPD for a more 

drastic change in weight loss. RYGB creates a smaller stomach pouch and reroutes 

the small intestine to limit food intake and nutrient absorption. Much like BPD, it can 

also lead to nutritional deficiencies. Figure 61 shown below, includes these four 

types of surgery and how they differ. It is unknown how BPD, LAGB, LGCP change 

the metabolome and if these changes are detectable by bNMR.  

 

Figure 61 - Different types of bariatric surgery and their medical procedure.294 
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This chapter will address three main questions. Firstly, can bNMR technology 

monitor diabetes progression (healthy, pre-diabetic and diabetic) through a patient's 

urine sample. Secondly, can bNMR distinguish differences in metabolome among 

patients who have undergone gastric surgery. Finally, can it be used as a predictor 

of outcomes. The bNMR analysis will be compared against HF-NMR for validation. 

This study focuses on using urine as a non-invasive biofluid and bNMR technology 

to develop better tools for monitoring and predicting outcomes in bariatric surgery 

and managing T2DM. This research through the evidence-based demonstration of 

utility could have significant implications for personalised treatment strategies and 

improved patient care in the field of bariatric surgery. 
 

7.2. Materials and Methods 

7.2.1. Ethics Declaration 

This study was approved by the Ethics Committee of the Institute of Endocrinology 

(EC: 19/5/2009, Prague, Czech Republic) and Nottingham Trent University 

(integrated research application system (IRAS) code 81368). All study participants 

provided written and informed consent per the Declaration of Helsinki.[304] 

 

7.2.2. Pre- and Post-Bariatric Surgery Samples 

In total 54 patients were recruited for this study, with 41 Caucasian women providing 

urine. These participants are morbidly obese (BMI>35 Kg/m2) and T2DM. The mean 

age of this group was 52.79 with a standard deviation of 8.28. In total, three different 

bariatric surgery types were investigated: BPD; n = 13, LGCP; n=17, LAGB; n=11. 

The participants were recruited at the OB clinic, Prague, Czech Republic.  

 

Table 10, below shows the characteristics of the sample cohort n = 84, including 

body mass index (BMI) scores along with common diabetes scores which can be 

used to diagnose the diseases. Measurements were taken three times throughout 

the study. Once before the surgery (pre-surgery), one-month post-surgery, and six 

months post-surgery. Although samples were acquired one-month post-surgery 

many of the analytical metrics from this time point were not recorded, so have been 

excluded from comparisons where data is not available. 17 samples were recorded 

as pre-diabetic, 5 as non-diabetic, and 62 as diabetic. 
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Table 10 - Sample cohort characteristics for bariatric surgery patients.  The average and standard deviation of 
each result are provided for each collection time where available. The average is first provided along with the 
standard deviation. 

Characteristic 
Pre-Surgery n 

= 35 

One Month Post-

Surgery n = 12 

6-months Post-

Surgery n = 37 

BMI (kg/m²) 44.13 ± 7.03 43.74 ± 7.28 38.45 ± 6.4 

HbA1c 

(mmol/mol) 
54.43 ± 9.98 N/A 44.54 ± 9.19 

Glucose 

(mmol/L) 
8.94 ± 2.41 N/A 7.16 ± 1.58 

HOMA-IR 

(mmol/L) 
11.12 ± 5.35 N/A 

 
7.66 ± 3.53 

 

7.2.3. Clinical Laboratory Data 

Following a ten-hour overnight fast, venous blood was sampled in all patients, 

collected in chilled EDTA-containing tubes with and without aprotinin (for glucose 

and insulin measurements), aliquoted and frozen at -80°C until assayed. Aprotinin 

is a protease inhibitor that prevents the degradation of certain proteins and peptides 

in blood samples. Fasted blood samples and anthropometric assessments were 

performed at two distinct time points: before the surgical procedure (baseline) and 

6-months after the surgery. During these assessments, biopsies of abdominal 

subcutaneous white adipose tissue were also conducted. Serum glucose, HbA1c 

and lipids were determined using the Cobas 6000 analyser. Insulin resistance was 

assessed using the homeostatic model assessment of insulin resistance (HOMA-

IR). Body weight was measured to the nearest 0.5 Kg and height to the nearest 1 

cm. All clinical metrics were obtained by the OB Clinic. One further time point, one-

month post-surgery, was also sampled. Not all samples from this time point had a 

HOMA-IR and HbA1c assessment completed.  
 

7.2.4. Urine Samples 

A total of 120 urine samples were collected following a ten-hour overnight fast. 

These samples were aliquoted, frozen at -80°C, and later delivered to Nottingham 
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Trent University. Of the samples, 40 were collected before surgery, 36 one-month 

post-surgery, and 44 six-months post-surgery. The samples were categorised as 

follows: 5 were identified as healthy, 23 as pre-diabetic, 67 as diabetic, and 25 as 

unknown. The samples were received on dry ice, in freezer boxes. Samples were 

stored at -80˚C until preparation for NMR analysis. For sample preparation, the 

samples were first placed on ice and gently mixed by inversion until partially thawed. 

They were then allowed to reach room temperature while continuing to mix carefully. 

Samples were subsequently vortexed for ten seconds. The sample volume (500µL) 

was pipetted from the sample tube into a 1.5 mL sterile microcentrifuge tube. Then, 

both 50µL of 0.07% TSP in D2O (w/v) and 50µL of 0.4% sodium azide in D2O (w/v) 

solutions were added to the microcentrifuge tube. A 7.2 pH 0.5M phosphate buffer 

solution in D2O (v/v) was then pipetted (100µL) into the microcentrifuge tube. 

Samples were then gently mixed by inversion and pipetted (650µL) into a newly 

purchased 5mm NMR tube. Prepared samples were stored at 4°C until they were 

analysed on the bNMR and HF-NMR spectrometers. 
 

7.2.5. Materials and Reagents 

The 5-mm diameter borosilicate NMR tubes were purchased from Wilmad 

(Z565229). The microcentrifuge tubes and pipette tips were obtained through 

Nottingham Trent University Stores. All other materials were purchased from Sigma-

Aldrich Ltd. (Gillingham, UK). 
 

7.2.6. NMR Acquisition 

The HF-NMR spectra were acquired on a 400 MHz JEOL spectrometer (School of 

Science and Technology, Nottingham Trent University) operating at a frequency of 

399.52 Hz. The samples were acquired using a presaturation pulse sequence with 

32,768 acquisition points, 256 scans, an acquisition time of 3.277s, and a relaxation 

delay of 6s. All samples were automatically tuned, matched, and shimmed with a 

deuterium lock to avoid drifting spectra.   

 

The bNMR spectra were acquired on a 60 MHz Oxford Instruments X-pulse 

spectrometer operating at 59.69 Hz. The samples were acquired using a WET-180-

Auto pulse sequence with 16,384 acquisition points, 1024 scans, an acquisition time 
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of 4.096s, and a relaxation delay of 2s. All samples were shimmed with a deuterium 

lock to avoid drifting spectra.  Tuning and matching were undertaken manually every 

day during sample acquisition. No large deviation was observed from the tuning and 

matching between analysis days. 
 

7.2.7. Data Analysis 

After the spectra had been acquired, they were processed through Mnova (version 

14.3.1). All samples were zero-filled, Fourier transformed, and TSP referenced 

(0ppm), with an apodization weighting function applied (1 Hz Exponential, 1 Hz 

Gaussian). All phase and baseline corrections were completed manually. After data 

processing had been completed, 0.01ppm bucketing was then applied. The water 

signal region was removed from both HF-NMR and bNMR data. 

 

Statistical analysis was performed using MetaboAnalyst (version 6.0).[210] This 

included all multivariate analyses such as principal component analysis (PCA), 

partial least squares discriminant analysis (PLS-DA) and orthogonal partial least 

squares discriminant analysis (OPLS-DA), as well as pathway analysis.174 PCA is 

a model used to observe clustering in a given data set, which can allow for the 

identification of outliers from a sample cohort. PLS-DA and OPLS-DA are 

supervised techniques that further support identifying metabolites presenting the 

maximum variation between classes. The data was normalised in MetaboAnalyst by 

median and Pareto scaling was applied. Prior to multivariate and univariate 

analyses, the distribution of all metabolite features was examined within 

MetaboAnalyst using density plots of normalized intensity values. The density maps 

indicated that the data were approximately normally distributed following 

normalization and scaling, with no evidence of skewness or outliers that could bias 

subsequent analyses. Establishing normal distribution is important as it ensures that 

statistical assumptions underlying parametric tests and multivariate models, such 

as OPLS-DA and linear regression, are met. This improves the interpretability and 

reliability of variance partitioning, correlation strength, and model performance 

metrics. The observed normal distribution therefore supports the validity of the 

subsequent statistical and multivariate analyses performed in this study.  



 192 

More information on the statistical models can be found in the methodology chapter 

(Chapter 4).  
 

7.3. Results 

7.3.1. 1H NMR Analysis of Urine Samples 

The water signal located between d 4.70 – 5.10 ppm was removed from the spectra. 

The metabolites were identified using the Human Metabolome Database 

(HMDB)210, 2D HSQC and COSY spectra (Appendix 10–13). Figure 62 and Figure 

63 (see below) show the identified metabolites at both HF-NMR (Figure 62) and 

bNMR (Figure 63). In total 21 metabolites were identified at HF-NMR, with 19 being 

identified at bNMR. The acquisition parameters for the spectra are listed in Chapter 

7.2.6. The slashes in the spectra represent where cuts in the spectra have been 

made by removing the water signal, and where the concentration of signals is too 

high.
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Figure 62 - 1H 400Mhz HF-NMR Identified Urine Metabolites from 0.4 - 9ppm.  Each number represent a metabolite: 1) α-ketoisocaproic acid, 2) valine, 3) 3-hydroxy isobutyrate, 4) 3-hydroxy 
isovaleric acid, 5) lactate, 6) 2-hydroxy isobutyrate, 7) alanine, 8) arginine, 9) acetone, 10) citrate, 11) dimethylamine, 12) creatinine, 13) creatine, 14) choline, 15) trimethylamine-N-oxide 
(TMAO), 16) 4-hydroxy phenylacetate, 17) glycine, 18) glucose 19) urea, 20) hippuric acid, and 21) formate and its 13C satellites. 
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Figure 63 - 1H 60Mhz HF-NMR Identified Urine Metabolites from 0.4 -9ppm.  

 Each number represent a metabolite: 2) valine, 3) 3-hydroxy isobutyrate, 4) 3-hydroxy isovaleric acid, 5) lactate, 6) 2-hydroxy isobutyrate, 7) alanine, 8) arginine, 10) citrate, 11) dimethylamine, 
12) creatinine, 13) creatine, 14) choline, 15) trimethylamine-N-oxide (TMAO), 16) 4-hydroxy phenylacetate, 17) glycine, and 18) glucose., 19) urea, 20) hippuric acid,  and 21) formate and its 
13C satellites.
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7.3.2. Diabetes Disease Classification Before Bariatric Surgery 

The following sub-chapter presents the results associated with diabetes disease 

classification according to the HbA1c categories of healthy (42 mmol/mol), pre-

diabetic (42 to 47 mmol/mol) and diabetic (48 mmol/mol). To further explore the 

variance in the data, different statistical approaches, namely PCA, PLS-DA, sparse 

PLS-DA (sPLS-DA) and OPLS-DA, were applied in MetaboAnalyst (6.0).209 No 

data filtering was applied during pre-processing; however, sample normalization by 

median, and Pareto scaling was applied to the dataset before statistical analysis 

was undertaken as described in Chapter 7.2.7. 
 

7.3.2.1 Multivariate Statistical Analysis of Diabetic, Pre-diabetic and Non-

diabetic Samples via PCA 

A PCA plot was used to identify any outliers (n = 84) and initial variance in the data 

obtained (904 metabolite bins) on the HF-NMR and bNMR (Figure 64). Overlap from 

all three clusters (diabetic, pre-diabetic and non-diabetic) was observed in Figure 

64a) and 5d), with no definable attribute contributing to group distribution. Of the 

clusters shown, the non-diabetic group has the smallest confidence region, with the 

diabetic group having the largest variance as exemplified by the largest 95% ellipse. 

Five samples were outside of their 95% confidence regions in the bNMR data: 

namely three diabetic and two pre-diabetic samples. Eight samples were outside of 

their 95% confidence regions in the HF-NMR data: namely six diabetic and two pre-

diabetic samples. The outlier sample spectra were individually inspected and after 

a comparison with the general samples were subsequently removed from the 

dataset. These samples were outside of their categorical ellipses due to abnormal 

levels of creatine and lactic acid compared to the other metabolites in their spectra. 

Statistical analysis shown from chapter 7.3.2.3 onwards was subsequently 

performed on 79 bNMR samples, and 76 HF-NMR samples. 
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Figure 64 - PCA plots of diabetic, pre-diabetic and healthy urine samples in bNMR and HF-NMR. 
 Figures a), b), and c) are associated with bNMR data, whereas d), e), and f) are associated with the 
HF-NMR data. Figures b) and e) show the principal component 1 and how it is weighted across the 
spectra, and Figures c) and f) are for the principal component 2.  Figures a) and d) show the diabetic 
samples in red, healthy in green and pre-diabetic samples in blue. 

 

7.3.2.2 Multivariate Statistical Analysis of Diabetic, Pre-diabetic and Healthy 
Samples via sPLS-DA 

A sPLS-DA plot was selected as a supervised model to show the variance between 

all HbA1c levels classified as non-diabetic, pre-diabetic and diabetic samples. As 

shown in Figure 65, there were no healthy sample outliers. At both HF-NMR and 

bNMR, the diabetic and pre-diabetic samples had smaller confidence regions than 

the non-diabetic samples. The classification error rates in the bNMR and HF-NMR 

sPLS-DA plots suggest a high error rate with limited ability to distinguish between 

classes. 

 
Figure 65 - sPLS-DA of bNMR and HF-NMR comparing HbA1c categories. 

 a) bNMR 47.6% classification error rate shown on the left. b) HF-NMR 53.6% classification error rate. Diabetic 
samples are shown in red, pre-diabetic samples are shown in blue and non-diabetic samples are shown in 
green. Ellipses represent the 95% confidence regions. 

 

7.3.2.3 OPLS-DA of Diabetes and Pre-diabetes Before Bariatric Surgery 

As there were no observable differences between health categories by sPLS-DA, 

the more supervised technique, OPLS-DA, was used. Due to the low number of 

healthy pre-surgery samples (n = 5), the healthy cohort was not included to be 
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analysed via OPLS-DA to avoid bias. OPLS-DA results of both diabetic (n = 21 for 

bNMR and n = 20 HF-NMR) and pre-diabetic (n = 8 for bNMR and n = 5 for HF-

NMR) conditions are shown in Figure 66a) and 62d) for the bNMR and HF-NMR 

data, respectively. Both Figure 66a) and 62d) show overlap between the diabetic 

and pre-diabetic cohorts. The R2 values for both OPLS-DA plots also were above 

the significance threshold of p < 0.05. However, the R2 values for the bNMR and 

HF-NMR plots were 0.524, and 0.653 respectively, below the 0.7 thresholds set out 

for OPLS-DA. 
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Figure 66 - OPLS-DA score plots and corresponding loading plots for pre-surgery diabetic and pre-
diabetic samples analysed using bNMR and HF-NMR. 
 (a) bNMR OPLS-DA score plot (Q² = 0.176, p < 0.05; R²Y = 0.524, p > 0.05) showing partial 
separation between diabetic (red) and pre-diabetic (green) samples. (b) and (c) represent the PC1 
and PC2 loading plots for the bNMR analysis, respectively. (d) HF-NMR OPLS-DA score plot (Q² = 

-0.415, p > 0.05; R²Y = 0.653, p > 0.05) illustrating limited separation between diabetic and pre-
diabetic groups. (e) and (f) correspond to the PC1 and PC2 loading plots for the HF-NMR analysis, 
respectively. Data ellipses in the score plots represent 95% confidence intervals. 
 

7.3.3. Bariatric Surgery’s Influence on the Metabolome 

Due to the potential influence of bariatric surgery on the metabolome, the samples 

were further split into three categories based on their time of sample collection: 

before surgery, one-month post-surgery and 6-months post-surgery. The one-

month post-surgery samples and the 6-month post-surgery samples were 

subsequently removed from the following dataset to compare diabetes and pre-

diabetes without a potential influence of the surgery. 

 

An OPLS-DA model (Figure 67) was applied to observe differences between the 

pre-surgery (n = 36 for bNMR and n = 35 HF-NMR) and 6-month post-surgery (n = 

39 for bNMR and n = 41 for HF-NMR) samples. A small separation between the pre-

and post-bariatric surgery is observed in Figure 67. The bNMR plot (Figure 67a) 

exhibits a higher T score (7.3%) compared to 4.1% that shown in the HF-NMR plot 

(Figure 67b). This is further observed by the orthogonal T score, where the bNMR 

plot shows a value of 26.3%, while the HF-NMR plot shows 9.1%. Overall low R2 

and Q2 values were observed across both plots and are suggestive of no significant 

differences between the two sample cohorts. 
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Figure 67 - OPLS-DA plots of pre- and post-surgery samples from bNMR and HF-NMR samples.  a) 
bNMR OPLS-DA plot Q2:0.2, p < 0.05, R2:0.426, p < 0.05.  d) HF-NMR OPLS-DA plot of Q2:0.133, p 
< 0.01, R2 0.581, p < 0.05.  In Figure 67, a), b), and c) are from the bNMR data and d), e), and f) are 
from the HF-NMR data. Red represents post-operative samples in the OPLS-DA plot, with green 
representing pre-surgery samples. 

 

7.3.3.1 PLS-DA of Bariatric Surgery Types Compared with Pre-Surgery 
Samples 

The 6-month post-surgery data cohort was further split into the surgery types. A 

PLS-DA plot (Figure 68) was used to show the variance between pre-surgery (n = 

36 for bNMR and n = 35 for HF-NMR) and post-bariatric surgeries (bNMR: n = 12 

BPD, n = 12 LGCP, n = 10 LAGB, and HF-NMR n = 12 BPD, n = 15 LGCP, n = 9 

LGGB) in the HF-NMR and bNMR datasets. Limited variance is observed between 

LGCP, LAGB, and pre-surgery samples compared to BPD surgery in Figure 68a. 

This observation is more apparent in the HF-NMR PLS-DA plot (Figure 68b). The 

outliers observed across both PLS-DA plots were due to abnormal creatine levels 

and TMAO. Both PLS-DA plots were statistically significant with a p < 0.001.  

 
Figure 68 - PLS-DA plot showing pre-surgery samples and 6-month post-surgery samples split by surgery type.   
Red represents BPD, green, LGCP, purple LAGB, and light blue are pre-surgery samples. Each ellipse 
represents the 95% confidence region.  

 

7.3.3.2 Surgery Type Separation by PLS-DA 

After removing pre-surgery samples, variability and confounders influencing the 

metabolome from different surgery types were observed. Through PLS-DA, two 
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distinct clusters were detected in the HF-NMR data between the surgery types 

(Figure 69b). The clustering also showed a large overlap between LGCP and LAGB 

surgery types; however, BPD was largely separate from the laparoscopic adjustable 

surgeries. Separation is also observed in the bNMR data (Figure 69a); however, it 

is not as prominent as that in the HF-NMR PLS-DA plot. Both plots were also 

statistically significant with a p < 0.01. 
 

 
Figure 69 - PLS-DA plots separating surgery types.  a) bNMR plot (p < 0.01) and b) HF-NMR plot (p < 0.01). 
Red colour represents BPD surgery (bNMR: n = 12, HF-NMR n = 13), green is LGCP (bNMR n = 12, HF-NMR 
n = 15), and blue is LAGB (bNMR: n = 10, HF-NMR: n = 10). bNMR explains 48.2% of the variance, while HF-
NMR explains for 27.6% of the variance.  

7.3.4. The Difference of BPD Surgery and Gastric Restriction 

Surgery 

When clustering the surgery types into gastric restriction (LAGB and LGCP) against 

the BPD surgery, two clear groups with minimal samples outside the 95% confident 

regions are observed. Figure 70 shows both the bNMR and HF-NMR data have a 

strong positive correlation (R2 > 0.7) with good predictive potential (Q2 > 0.4). 

Volcano plot analysis and False Discovery Rate (FDR) were applied to minimise 

errors as described in Section 3. The HF-NMR data did not have any significant bins 

after FDR correction; however, the bNMR data shows many metabolite bins of 

significance (Figure 70).
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Figure 70 - OPLS-DA plot of BPD compared with gastric restriction surgery of bNMR and HF-NMR urine spectra. bNMR (a) has a Q2 of 0.582, p<0.001, R2  of 0.912, p=0.052 (BPD: n = 12 and 
Gastric Restriction: n = 22). b) HF-NMR Q2 is 0.696, p < 0.001, R2 is 0.943, p < 0.001 (BPD: n = 13 and Gastric Restriction: n = 25). An OPLS-DA loadings plot of the bNMR data from Figure 
70a) shows the correlation between the bins (ppm) and the class separation. Each point in the plot represents a different ppm value (metabolite). The metabolites that are most strongly 
associated with the class separation have the highest and lowest loading scores. Data in red in the OPLS-DA plot is the BPD surgery, whilst gastric restriction surgery shown in green. 
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Figure 71 - Volcano and significance plots of metabolites bins between BPD and gastric restriction surgery. 
Figure 71a) and b) represent bNMR data, whilst Figure 71c) and d) represent HF-NMR data. Plots a) and c) are 
volcano plots; b) and d) are FDR corrected significant bins. 

 

A summary of each identified metabolite from Figure 62 and Figure 63, along with 

the corresponding VIP score and AUC value is presented in Table 11. The 

metabolites analysed show trends in their relative concentrations, VIP scores, 

sensitivities, specificities, AUC (Area Under the Curve) values, and p-values, 

indicating their significance in differentiating between BPD and gastric restriction 

surgery groups. The variation of metabolic dysregulation was observed at HF-NMR 

and bNMR, with some metabolites exhibiting contrasting trends between 

techniques, as shown in Table 11. 

 

For instance, 2-Hydroxyisobutyrate metabolite showed divergent trends between 

techniques (increase in bNMR, decrease in HF-NMR) but with limited discriminatory 

power (AUC ≈ 0.5). In contrast, 3-Hydroxyisobutyrate was consistently decrease in 

both analyses, with moderate discriminatory power (AUC: 0.667-0.757, p = 0.083). 

3-Hydroxyisovaleric acid demonstrated significant decrease, particularly in HF-NMR 

(VIP = 1.981, AUC = 0.803, p = 0.002). Furthermore, 4-Hydroxyphenyl Acetate 

showed decrease in bNMR but increased in HF-NMR, with high VIP scores (1.469 

and 1.592, respectively) and significant p-values in both analyses. Acetone and 

alanine were consistently increased, with alanine showing particularly high 

significance in HF-NMR (VIP = 1.903, p = 0.005). Arginine also displayed an 

increasing trend in both techniques, with higher discriminatory power in HF-NMR (p 

= 0.004). Moreover, citrate and creatine showed decrease in bNMR but variability 

in HF-NMR, with citrate yielding significant results in bNMR (AUC = 0.813, p = 

0.007). Dimethylamine and formate exhibited varying trends, while Glucose was 

consistently increase with high significance in HF-NMR (VIP = 2.211, p = 0.002). 

Urea and valine were consistently decreased, with valine showing particularly strong 

discriminatory power in both analyses (bNMR: AUC = 0.864, p = 0.002; HF-NMR: 

AUC = 0.818, p = 0.021). In conclusion, the reduced absorption of BPD surgeries 

seems to play a role on the metabolic landscape of these patients. The consistency 

of certain metabolites, such as valine and 3-hydroxyisovaleric acid, across both 

platforms strengthens their potential as biomarkers for differentiating these surgical 

outcomes.  
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Table 11 - Summary of bNMR and HF-NMR urinary metabolites from the OPLS-DA and ROC analysis comparing BPD and gastric restriction surgery. 

 bNMR HF-NMR 

Metabolite BPD Trend VIP Sensitivity Specificity AUC p - value BPD Trend VIP Sensitivity Specificity AUC p - value 

2 - Hydroxyisobutyrate Up 0.722 0.5 0.7 0.561 0.914 Down 0.512 0.6 0.6 0.572 0.507 

3 - Hydroxyisobutyrate Down 1.123 1 0.5 0.667 0.083 Down 0.906 0.8 0.7 0.757 0.083 

3 - Hydroxyisovaleric acid Down 1.371 0.6 0.8 0.813 0.024 Down 1.981 0.8 0.8 0.803 0.002 

4 - Hydroxyphenyl Acetate Down 1.469 0.8 0.7 0.773 0.010 Up 1.592 0.8 0.5 0.680 0.029 
Acetone Up 1.365 0.7 0.8 0.727 0.026 Up 1.281 0.8 0.6 0.686 0.038 

Alanine Up 0.997 0.6 0.7 0.662 0.098 Up 1.903 0.8 0.6 0.729 0.005 

Arginine Up 1.074 0.7 0.6 0.667 0.092 Up 0.283 0.7 0.8 0.732 0.004 

Choline Down 1.107 0.5 1 0.682 0.068 Down 1.113 0.5 0.6 0.551 0.846 

Citrate Down 1.799 0.8 0.8 0.813 0.007 Down 0.564 0.6 0.6 0.569 0.537 
Creatine Down 1.134 0.6 0.9 0.768 0.044 Up 1.076 0.5 0.6 0.542 0.228 

Creatinine Down 1.492 0.5 0.8 0.712 0.030 Up 0.799 0.7 0.6 0.640 0.175 

Dimethylamine Down 1.410 0.6 0.8 0.763 0.021 Down 0.903 0.7 0.6 0.637 0.155 

Formate Up 0.544 0.7 0.7 0.636 0.282 Up 0.305 0.6 0.5 0.511 0.992 

Glycine Down 1.793 0.7 0.9 0.818 0.009 Down 0.945 0.6 0.6 0.569 0.914 
Hippuric Acid Up 0.388 0.6 0.7 0.631 0.657 Up 0.403 0.5 0.8 0.572 0.676 

Lactate Up 0.437 0.6 0.6 0.510 0.539 Up 1.312 0.8 0.6 0.698 0.061 

Glucose Up 1.007 0.5 0.8 0.611 0.038 Up 2.211 0.6 0.8 0.738 0.002 

Trimethylamine-N-Oxide Down 0.047 0.5 0.8 0.561 0.872 Down 0.918 0.5 0.7 0.502 0.206 

Urea Down 1.131 0.7 0.6 0.636 0.075 Down 1.309 0.7 0.7 0.705 0.038 



 208 

Valine Down 1.851 0.7 0.9 0.864 0.002 Down 1.403 0.8 0.8 0.818 0.021 

α - Ketoisocaproic acid Down 1.029 0.7 0.6 0.657 0.163 Down 0.231 0.8 0.6 0.698 0.686 



 209 

 

7.3.5. Post-surgery HbA1c Health Categories 

After 6-months post-surgery, the patients had their HbA1c levels re-analysed. Many 

patients had regressed to either a pre-diabetic or non-diabetic HbA1c classified 

health status. Therefore, the statistical analysis comparing HbA1c classified health 

status was investigated for the post-surgery sample cohort. 

 

7.3.5.1 OPLS-DA of Pre-Diabetes and Diabetes Samples After the Surgery 

The OPLS-DA, presented in Figure 72, show a clear separation between pre-diabetes 

and diabetes, with no samples overlapping in each respective confidence region. 

The bNMR OPLS-DA plot (Figure 72a) shows a weaker distinction compared to the 

HF-NMR OPLS-DA plot (Figure 72d). Both plots exhibit weak to no predictive potential 

(Q2 < 0.4), but there is a correlation between the study groups in the bNMR and HF-

NMR plots with R2 values of 0.79 and 0.995, respectively. However, both plots have 

significance levels above the 0.05 threshold, indicating a possible overfitting of the 

data. Figure 72c) and f) display similar regions contributing to their separation, with 

bins from 1-4ppm and 6.5-8ppm being significantly decreased and increased in pre-

diabetics, respectively.
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Figure 72 - OPLS-DA analysis of post-surgery diabetic and pre-diabetic samples using bNMR and 
HF-NMR. a) OPLS-DA score plot for bNMR analysis (Q² = 0.00168, p > 0.05; R² = 0.79, p > 0.05) 
(diabetes: n = 9, pre-diabetes n. = 8), showing limited separation between diabetic (red) and pre-
diabetic (green) groups. b) VIP scores from bNMR analysis highlight significant metabolites 
contributing to group separation, with an increase (red) and decrease (blue) features. c) S-line plot 

for bNMR, displaying covariance and correlation of metabolites with class discrimination. d) OPLS-
DA score plot for HF-NMR analysis (Q² = 0.244, p > 0.05; R² = 0.995, p > 0.05) (diabetes: n = 12, 
pre-diabetes: n = 8), indicating partial separation between diabetic and pre-diabetic groups. e) VIP 
scores for HF-NMR, showing key discriminatory metabolites. f) S-line plot for HF-NMR, illustrating 
metabolite covariance and correlation. Data ellipses in the score plots represent 95% confidence 
intervals. 

 

7.3.5.2 OPLS-DA of Non-diabetic and Pre-diabetic Samples After Bariatric 
Surgery 

The OPLS-DA model between pre-diabetic (n = 8) and non-diabetic (n = 15) 

samples presented in Figure 73 shows a clear separation between the groups. 

However, there is some overlap in the bNMR OPLS-DA plot (Figure 73a) compared 

to the HF-NMR OPLS-DA plot in Figure 73d. Similar to the OPLS-DA plot mentioned 

earlier (Figure 72), the Q2 values in Figure 73 are lower, with insignificant p-values. 

The corresponding R2 values are also weaker, with insignificant p-values. Figure 

73c) and f) show similar weightings and directions of regulation of concentrations 

for metabolite bins. The exception was a region between 5.5 – 6.5ppm in Figure 

73c), where urea appears to be higher in pre-diabetics compared to healthy 

individuals in the bNMR data.
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Figure 73 - OPLS-DA analysis of post-surgery non-diabetic and pre-diabetic samples using bNMR 
and HF-NMR.  
 a) OPLS-DA score plot for bNMR analysis (Q² = -0.146, p > 0.05; R² = 0.607, p > 0.05), showing 
overlap between non-diabetic (red) and pre-diabetic (green) groups. b) VIP scores from bNMR 
analysis highlighting metabolites contributing to group discrimination, with an increase (red) and 

decrease (blue) features. c) S-line plot for bNMR, displaying covariance and correlation of 
metabolites associated with group separation. d) OPLS-DA score plot for HF-NMR analysis (Q² = -
0.457, p > 0.05; R² = 0.93, p > 0.05), showing limited separation between healthy and pre-diabetic 
groups. e) VIP scores for HF-NMR analysis, indicating discriminatory metabolites. f) S-line plot for 
HF-NMR, illustrating metabolite covariance and correlation. Data ellipses in the score plots represent 
95% confidence intervals. 
 

7.3.5.3 Post-Surgery Non-diabetic and Diabetic Cohorts 

The OPLS-DA compared 6-month post-surgery non-diabetic (n = 15) with diabetic 

cohorts (bNMR: n = 9 and HF-NMR: n = 12), showing a strong correlation (R2 > 

0.99) in Figure 74. The statistical significance was confirmed in the bNMR OPLS-

DA plot (Figure 74a) with p < 0.01, but not in the HF-NMR OPLS-DA plot (Figure 

74d). The predictive potential was also observed, with Q2 values of 0.657 and 0.357 

in the bNMR and HF-NMR OPLS-DA plots, respectively. Figure 74c) and 16f) 

display the spectral regions weighted in the OPLS-DA model. 

 

Similar results to Figure 74c) and f) were also observed in the volcano plots (Figure 

75). The volcano plots (Figure 75a and c) showed statistically significant metabolite 

bins, but only the bNMR metabolite bins (Figure 75b) remained significant after FDR 

correction. 
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Figure 74 - OPLS-DA analysis of post-surgery non-diabetic (green) and diabetic (red) samples using bNMR and HF-NMR.   a) bNMR score plot (Q² = 0.657, p < 0.01; R² = 0.996, p < 0.05) 
shows clear group separation. b) VIP scores highlight key discriminatory metabolites, and c) the S-line plot reveals metabolite covariance and correlation. d) HF-NMR score plot (Q² = 0.357, p 
< 0.05; R² = 0.9923, p > 0.05) shows partial group separation, with e) VIP scores and f) S-line plot identifying relevant metabolites. Ellipses indicate 95% confidence intervals. 
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Figure 75 - Volcano and significance plots of metabolites bins between Diabetic and Non-diabetic Patients. a) 
and c) are volcano plots, with b) and d) showing FDR significant bins. a) and b) show bNMR data with c) and d) 
showing the HF-NMR data. FDR significant bins are shown in blue above the red dotted line in b) and d). 

 

Table 2 summarised the metabolites with their VIP and ROC values, indicating that 

four metabolites were above the significance threshold: arginine, creatinine, 

formate, and glycine. The latter three also showed strong VIP values, with all four 

matching the diabetic trend, where arginine and formate decreased, and creatinine 

and glycine increased. ROC analysis revealed that no HF-NMR metabolites 

achieved an AUC above 0.7, whereas six bNMR metabolites did: arginine, 

creatinine, formate, glycine, hippuric acid, and TMAO. Additionally, bNMR data 

shows more metabolites with higher sensitivity and specificity compared to HF-NMR 

data. bNMR outperforms HF-NMR in identifying key metabolites and providing 

significant group separations. Metabolites like creatinine, formate, and glycine stand 

out as strong biomarkers in bNMR. 
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Table 12 - Summary of bNMR and HF-NMR urinary metabolites from the OPLS-DA and ROC analysis comparing non-diabetic and diabetic cohorts. 

  bNMR HF-NMR 

Metabolite 
Diabetic 
Trend VIP Sensitivity Specificity AUC p - value 

Diabetic 
Trend VIP Sensitivity Specificity AUC p - value 

2 - Hydroxyisobutyrate Down 0.210 0.8 0.5 0.533 0.760 Up 0.596 0.6 0.7 0.594 0.392 
3 - Hydroxyisobutyrate Down 1.125 0.6 0.9 0.644 0.099 Up 0.262 0.6 0.7 0.533 0.777 
3 - Hydroxyisovaleric acid Up 0.574 0.6 0.5 0.541 0.415 Up 0.477 0.7 0.6 0.628 0.537 
4 - Hydroxyphenyl Acetate Up 1.426 0.6 0.8 0.659 0.494 Down 0.884 0.8 0.4 0.594 0.275 
Acetone Down 1.100 0.8 0.7 0.674 0.154 Down 0.310 0.7 0.7 0.544 0.746 
Alanine Down 0.633 0.6 0.7 0.585 0.653 Down 0.285 0.7 0.5 0.544 0.852 
Arginine Down 1.390 0.8 0.7 0.741 0.039 Down 0.486 0.7 0.6 0.572 0.570 
Choline Up 1.322 0.8 0.5 0.644 0.382 Up 0.147 0.6 0.6 0.511 0.855 
Citrate Up 0.848 0.9 0.5 0.630 0.195 Up 0.282 0.5 0.7 0.517 0.752 
Creatine Down 0.291 0.6 0.7 0.504 0.672 Up 0.363 0.5 0.6 0.517 0.666 
Creatinine Up 1.418 0.7 0.9 0.726 0.034 Up 1.021 0.7 0.8 0.639 0.224 
Dimethylamine Up 0.364 0.6 0.7 0.556 0.606 Up 0.770 0.6 0.7 0.661 0.376 
Formate Down 1.966 0.7 0.7 0.711 0.047 Down 0.994 0.5 0.6 0.533 0.267 
Glycine Up 1.401 1 0.7 0.793 0.033 Up 1.014 0.8 0.5 0.650 0.222 
Hippuric Acid Down 0.963 0.7 0.7 0.741 0.175 Down 1.094 0.8 0.5 0.594 0.203 
Lactate Down 0.946 0.6 0.7 0.637 0.170 Down 0.337 0.6 0.7 0.578 0.663 
Glucose Up 0.251 0.7 0.7 0.630 0.687 Down 0.455 0.7 0.5 0.522 0.529 
Trimethylamine-N-Oxide Up 1.100 0.8 0.7 0.741 0.110 Up 0.017 0.7 0.5 0.600 0.935 
Urea Up 1.053 0.6 0.7 0.644 0.131 Up 0.758 0.8 0.7 0.667 0.341 
Valine Up 0.188 0.8 0.5 0.600 0.813 Up 0.417 0.7 0.6 0.578 0.533 
α - Ketoisocaproic acid Up 0.163 0.6 0.6 0.511 0.801 Up 0.675 0.6 0.5 0.506 0.402 
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7.3.6. Bariatric Surgery Outcome Prediction 

A prediction model based on the HbA1c scores, using OPLS-DA, was 

applied to the outcome of bariatric surgery. The models used the cohort of 

pre-surgery samples and their respective HbA1c outcome health status 

from 6-months post-surgery. The study participants were categorised into 

groups based on their HbA1c improvement scores following bariatric 

surgery. The data was approximately split in half. A large improvement in a 

patient's HbA1c score was observed. Patients with a score of less than 11% 

were classified as the "small to no improvement" group, while individuals 

with scores exceeding 11% were placed in the "improvement" group.  

 

The OPLS-DA plots presented in Figure 76 reveal contrasting outcomes 

between the bNMR and HF-NMR analyses. The bNMR results demonstrate 

insignificant low predictive ability and only moderate levels of explained 

variance. In contrast, the HF-NMR data exhibits a more predictive ability 

that is statistically significant. A high level of variance was explained too; 

however, this was above the significance threshold similar to the bNMR plot. 

Furthermore, the weighting of VIP scores differs notably between the bNMR 

and HF-NMR data, as illustrated in Figure 76c) and Figure 76f) in the region 

at around 3 ppm and 6 ppm. The volcano plots (Figure 77a and c) identify 

various metabolite bins as significant. However, it is important to note that 

the features depicted in Figure 77b) and 19d) lost their significance when 

an FDR correction was applied. Ultimately, no metabolite bins retained their 

significance after this correction. An analysis of the VIP and AUC levels, 

summarised in Table 13, highlights hippuric acid as a significant metabolite. 

This compound demonstrates a strong VIP score in both the bNMR and HF-

NMR datasets. Hippuric acid appears to be increased in samples that 

exhibit an improvement trend following bariatric surgery. A few other 

metabolites were significant across both fields: creatine and glycine. bNMR 

also identified urea and α-Ketoisocaproic acid as significant, while HF 

identified citrate, dimethylamine, glycine, hippuric acid, and TMAO.
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Figure 76 - OPLS-DA score plots for bNMR and HF-NMR comparing samples with <11% improvement (red) and >11% improvement (green). (a) bNMR: Q² = 0.135, R² = 0.619, p > 0.05 
(<11%: n = 8, >11% n = 11), indicating limited predictivity and no statistically significant separation. (b) HF-NMR: Q² = 0.291, R² = 0.706, p < 0.05 (<11%: n = 10, >11% n = 11%), 
demonstrating moderate predictivity and significant group separation.  
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Figure 77 - Volcano and significance plots of metabolites bins between small to no improvement and 
improvement cohorts. a) and c) are volcano plots, with b) and d) showing FDR significant bins. a) and b) show 
bNMR data with c) and d) showing the HF-NMR data. The red line shown in Figures b) and d) is the 
significance cut-off line, where metabolite bins above this were below p of 0.05.  

 

Ultimately, no metabolite bins retained their significance after this correction. An 

analysis of the VIP and AUC levels, summarised in Table 13, highlights hippuric acid 

as a significant metabolite. This compound demonstrates a strong VIP score in both 

the bNMR and HF-NMR datasets. Hippuric acid appears to be increased in samples 

that exhibit an improvement trend following bariatric surgery. A few other 

metabolites were significant across both fields: creatine and glycine. bNMR also 

identified urea and α-Ketoisocaproic acid as significant, while HF identified citrate, 

dimethylamine, glycine, hippuric acid, and TMAO. These results suggest that while 

HF-NMR has shown stronger predictive potential and correlation, bNMR could still 

be applicable if a model of particular metabolites is built.  
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Table 13 - Summary of bNMR and HF-NMR Urinary metabolites from the OPLS-DA and ROC analysis comparing improvement (>11% improvement) and small to no improvement (<11% 
improvement) sample cohorts. 

  bNMR HF-NMR 
Metabolite Improvement 

Trend 
VIP Sensitivity Specificity AUC p - 

Value 
Improvement 

Trend 
VIP Sensitivity Specificity AUC p - 

Value 
2 - Hydroxyisobutyrate Down 1.64 0.7 0.9 0.67 0.179 Down 1.05 0.6 0.6 0.57 0.497 
3 - Hydroxyisobutyrate Down 1.22 0.6 0.5 0.58 0.124 Up 0.84 0.9 0.5 0.60 0.580 
3 - Hydroxyisovaleric acid Down 1.37 0.6 0.5 0.63 0.150 Up 0.56 0.8 0.5 0.52 0.695 
4 - Hydroxyphenyl Acetate Up 0.64 0.7 0.6 0.57 0.499 Up 1.6 0.8 0.5 0.61 0.317 
Acetone Up 0.44 0.6 1 0.72 0.068 Up 0.44 0.8 0.5 0.58 0.661 
Alanine Down 1.44 0.8 0.7 0.67 0.194 Down 1.08 0.8 0.6 0.68 0.111 
Arginine Up 0.51 0.4 0.7 0.55 0.486 Down 1.42 0.8 0.5 0.64 0.090 
Choline Down 1.24 0.8 0.9 0.73 0.207 Up 1.81 0.9 0.5 0.69 0.110 
Citrate Up 1.72 0.6 0.8 0.71 0.249 Up 0.50 0.7 0.9 0.81 0.037 
Creatine Down 0.75 0.9 0.7 0.79 0.021 Up 1.77 0.7 0.7 0.71 0.043 
Creatinine Down 1.29 0.7 0.8 0.73 0.346 Up 1.60 0.7 0.6 0.72 0.047 
Dimethylamine Up 0.93 0.7 0.8 0.68 0.113 Up 1.67 0.9 0.9 0.85 0.005 
Formate Up 1.78 0.9 0.7 0.74 0.063 Up 1.05 0.6 0.7 0.64 0.493 
Glycine Up 1.7 0.6 0.9 0.71 0.019 Up 1.59 0.7 0.9 0.81 0.020 
Hippuric Acid Up 1.02 0.7 0.7 0.69 0.088 Up 1.71 0.8 0.9 0.79 0.036 
Lactate Down 1.64 0.8 0.6 0.67 0.068 Up 1.05 0.8 0.7 0.73 0.197 
Glucose Down 1.01 0.8 0.6 0.72 0.194 Up 1.68 0.8 0.8 0.75 0.167 
Trimethylamine-N-Oxide Up 0.91 0.8 0.7 0.77 0.090 Up 1.51 0.7 0.7 0.71 0.049 
Urea Down 1.25 0.6 0.8 0.70 0.041 Up 0.26 0.4 0.6 0.5 0.989 
Valine Down 2.07 0.7 0.7 0.70 0.104 Up 1.05 1 0.6 0.70 0.196 
α - Ketoisocaproic acid Down 2.05 0.7 0.9 0.70 0.017 Up 1.201 0.8 0.6 0.635 0.845 
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7.4. Discussion 

7.4.1. Bariatric Surgery 

Bariatric surgery has emerged as a viable intervention for managing obesity and its 

associated comorbidities, including insulin resistance and T2DM.[305] With the 

number of bariatric surgeries increasing by over 66% from 2011 to 2021 in America 

alone [305], this study aimed to investigate three key aspects: (1) whether bNMR can 

predict bariatric surgery outcomes, (2) if there are changes to the metabolome 

between different types of bariatric surgery, and (3) whether bNMR can distinguish 

between non-diabetic, pre-diabetic, and diabetic samples.[305] The results reveal 

distinct metabolic profiles from bariatric procedures, HbA1c health status and the 

potential of NMR as a surgery outcome predictor.  

 

The PLS-DA plots in Figure 69 demonstrated significant differences (p < 0.05) in the 

metabolic profiles among the three bariatric surgery types (BPD, LGCP, and LAGB) 

and pre-surgery samples. Notably, the metabolic signature of BPD was distinct from 

that of gastric restriction-specific surgeries (LGCP and LAGB), as seen in Figure 70. 

This suggests that the type of bariatric surgery plays a crucial role in shaping the 

postoperative metabolic landscape. Previous studies comparing metabolomic 

profiles of RYGB, LAGB, LGCP and BPD have supported these differences; 

however, these studies focused on blood plasma and serum rather than urine.[306–

309]  

 

In a study by Kayser et al. (2017), metabolite differences between surgery types 

were reportedly less prominent 12 months post-surgery, with gastric restriction 

surgeries showing a return to baseline values after 3 months, unlike RYGB 

surgery.[310] This recovery pattern for LAGB, a type of gastric restrictive surgery, 

agrees with the findings in this research and could explain the lack of changes 

observed in the metabolomes seen in Figure 68 and Figure 69. 

 

BPD surgery results in complex alterations to the metabolites due to the 

modifications in multiple factors such as gastric emptying, intestinal nutrient 

exposure, and energy expenditure.[311] Notable metabolites identified by this study 

include 3-hydroxyisovaleric acid, 4-hydroxyphenylacetate, acetone, Glucose, urea 
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and valine. These were statistically significant (p < 0.05), had a high VIP score 

(indicating strong contributions to the OPLS-DA model), and had high AUC value as 

summarised in Table 11. Low glycine levels were observed, these findings support 

the current literature, which indicates that bariatric surgery induces metabolic 

changes that are associated with alterations in amino acid and branched-chain 

amino acid concentrations. [307–309] These results suggest that these metabolites 

have a potential role in mediating the metabolic effects of BPD, warranting further 

investigation into their specific contributions to insulin resistant improvement.  
 

7.4.2. Prediction of Surgery Outcome 

The application of OPLS-DA to assess the correlation between metabolic changes 

and HbA1c improvement revealed promising predictive power (Figure 76). The 

separation plots (Figure 76a and d) indicate a distinction between patients with 

varying HbA1c improvement, suggesting a potential association between specific 

metabolic alterations and improvements in glycaemic control post-surgery. The HF-

NMR (Figure 76a) and bNMR (Figure 76d) showed strong predictive potential and 

correlation. However, while the HF-NMR OPLS-DA model was classified as 

significant, the bNMR model did not meet the significance threshold of p < 0.05. 

Although Figure 76c) and f) suggest similar weighting, the differences are most likely 

due to lower sensitivity and signal overlap observed in bNMR spectra.  

 

It is important to note that the OPLS-DA models experience a high likelihood of 

overfitting, underscoring the need for validation in larger independent cohorts. This 

caution is further supported by the results observed after applying an FDR correction 

in Figure 77b) and d), where no metabolite bin remained significant. Similarly, in the 

area under the curve of the receiver operating characteristic (AUCROC) models 

(Table 13), only glycine met the significance threshold, (had an AUC above 0.7, and 

a VIP score above 1) in both the bNMR and HF-NMR data. This metabolite 

demonstrates the most potential to be used as a predictor, as patients with higher 

glycine concentrations showed an 11% improvement in their HbA1c score. 

However, some metabolites were significant in their respective cohort. This was 

urea and α - Ketoisocaproic acid in the bNMR data and TMAO, hippuric acid, 

creatine, creatinine and dimethylamine. It is unclear why metabolites between 

spectrometer fields did not correlate clearly. Some metabolites such as 
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dimethylamine, hippuric acid, TMAO did correlate between the spectroemters, 

however, creatine, creatinine, urea and α - Ketoisocaproic acid were not consistent, 

potentially due to differences of magnet size, or from different excitations between 

presatureation and WET pulse sequences.  

 

It is worth noting that while this study focused on urine samples using bNMR, other 

research efforts in T2DM prediction have employed more sensitive techniques, such 

as mass spectrometry and liquid chromatography, and have primarily focused on 

other biological samples, such as blood plasma and serum. [312–314] Additionally, 

these studies have utilised alternative predictive models to the HbA1c scores, such 

as DiaRem, ABCD, and IMS. [312–314] This difference in approach highlights the 

novelty of this study in exploring urine-based metabolomics for predicting bariatric 

surgery outcomes. This is especially advantageous as there are less requirements 

for sample collection and preparation.  
 

7.4.3. Health Types and Detection 

Diabetes and pre-diabetes detection and monitoring rely on several diagnostic 

methods, including fasting plasma glucose, oral glucose tolerance test and HbA1c, 

with HbA1c being one of the most widely used.[315] While this classification system 

has improved health monitoring of diabetes and glucose control, it has limited utility 

by only diagnosing pre-diabetes and diabetes. This research explored if bNMR 

could distinguish between healthy, diabetic and pre-diabetic individuals, differing 

from existing research by including a pre-diabetic sample cohort and an HbA1c-

classified healthy group that is largely morbidly obese and have been through 

bariatric surgery. 

 

Initial analysis using PCA and SPLS-DA models (Figure 64Figure 65) revealed they 

were unable to resolve between groups. However, the more supervised OPLS-DA 

model identified a correlation between HbA1c-identified healthy and diabetic 

samples with strong predictive potential. Both bNMR (Figure 74a) and HF-NMR 

(Figure 74d) demonstrated strong predictive potential (0.657 and 0.357, 

respectively) with statistical significance (p < 0.01 and p < 0.05, respectively) in 

distinguishing urine from non-diabetic and diabetic patients. A strong correlation 

between models was observed with both R2 exceeding 0.99. Notably, only the 
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bNMR OPLS-DA plot showed a statistically significant R2 value (R2: 0.996, p < 0.05), 

differing from the HF-NMR model (R2: 0.9923, p >0.05). These results align with 

comparable bNMR and HF-NMR diabetes research, differing only in the HF-NMR 

R2 value threshold for significance.[59,109,298,299,316,317]  

 

The covariance observed in Figure 74c) and Figure 74f) shows similarities in the 

trends of significant metabolite regulation across the spectra. Table 12 further 

supports these findings, with the diabetic trends in metabolites such as creatinine, 

glycine, and hippuric acid matching metabolite regulation. These metabolites also 

exhibited strong VIP values (> 1) and were consistent with previous research 

summarised by Long et al. (2020), showing a significant association with diabetes. 

309 By contrast, pre-diabetes could not be distinguished between non-diabetic or 

diabetic groups in both pre-surgery (Figure 66) and 6-month post-surgery for the 

bNMR samples, it could however be distinguished by HF-NMR for the post surgery 

data.  

 

This contradicts previous research that identified glycine as a biomarker for pre-

diabetes.[319] However, the disparity may be explained by different classification 

metrics; Wang-Sattler et al. (2012) classified pre-diabetes based on impaired 

glucose tolerance or impaired fasting glucose, rather than on HbA1c levels as used 

in this study. Previous research into pre-diabetes biomarkers has identified 32 

metabolites, four of which (alanine, 3-hydroxy isovaleric acid, valine and glycine) 

were also identified in this study.[318] Differences in the identified metabolites may 

arise from inherent sample differences, with this study using urine samples instead 

of blood samples used in previous research. 

 

The HF-NMR OPLS-DA models comparing diabetes and pre-diabetes (Figure 72d) , 

showed greater predictive potential (Q2 = 0.244, and Q2 = 0.457) and strong 

correlation (R2 0.995 and R2 0.93), respectively. However, these results should be 

interpreted cautiously as they did not meet the significance threshold (p < 0.05). The 

superior predictive ability and correlation of the HF-NMR model over the bNMR 

model could be attributed to the improved sensitivity of the HF-NMR spectrometer. 

This suggests that smaller biochemical fluctuations between these groups are 

detectable on HF-NMR spectrometers. 
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One factor that can cause differences in results is the unique characteristics of the 

group being studied, compared to similar studies.[319] While the patients' history 

before the study was unavailable, it is highly likely that these subjects had been 

struggling with weight control for some time to meet the criteria for bariatric surgery. 

Consequently, covariances such as insulin resistance may have affected results 

without being recorded.[320] Therefore, further longitudinal studies are needed to 

address metabolome changes associated with fluctuating HbA1c levels. Such 

research could lead to a better understanding of permanent changes in metabolism 

due to weight gain, insulin resistance, and diabetes treatment. 
 

7.4.4. Metabolites 

The emergence of glycine as the strongest predictor of HbA1c improvement (11% 

improvement in patients with higher glycine) is particularly noteworthy and aligns 

with extensive literature demonstrating reduced glycine levels as a hallmark of 

T2DM and metabolic dysfunction.[321] Glycine's roles, including potentiation of 

glucose-induced insulin secretion, anti-inflammatory effects, and serving as a 

precursor for glutathione synthesis, position it as a central mediator of metabolic 

recovery post-bariatric surgery.[321,322] The consistency of this finding across both 

bNMR and HF-NMR datasets strengthens confidence in its prognostic utility and 

suggests potential for clinical translation as a pre-operative screening tool to identify 

patients most likely to achieve diabetes remission. 

  

The identification of valine, 3-hydroxyisovaleric acid, and α-ketoisocaproic acid as 

significant biomarkers reflects the well-established role of BCAA dysregulation in 

insulin resistance and T2DM pathogenesis.[322–324] Elevated BCAAs activate mTOR 

signalling, impair insulin signalling cascades, and reflect mitochondrial dysfunction 

in BCAA catabolism, all central features of diabetic metabolism.[324,325] Bariatric 

surgery, particularly BPD with its malabsorptive component, normalises BCAA 

levels through multiple mechanisms including reduced absorption, altered gut 

microbiome composition, and improved mitochondrial function.[326,327] The detection 

of α-ketoisocaproic acid, a BCAA catabolism intermediate, in the bNMR data is 

particularly valuable as it captures metabolic pathway activity rather than just static 

metabolite concentrations, potentially providing greater mechanistic insight. 
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The identification of hippuric acid, TMAO, dimethylamine, and 4-

hydroxyphenylacetate reflects the profound restructuring of the gut microbiome 

following bariatric surgery.[326,328] Bariatric procedures, especially those with 

malabsorptive components like BPD, fundamentally alter nutrient flow through the 

gastrointestinal tract, leading to shifts in microbial populations and their metabolic 

outputs.[326,327] Hippuric acid, derived from microbial metabolism of dietary 

polyphenols, and TMAO, produced from choline and carnitine metabolism, serve as 

windows into this microbial reprogramming.[329] The association of decreased 

hippuric acid with T2DM remission aligns with literature demonstrating that specific 

microbiome configurations favour metabolic health.[326] The complex relationship 

observed with TMAO, where its directional change rather than absolute level may 

be predictive warrants further investigation but likely reflects individual variation in 

gut microbiome responses to surgery. 

  

The distinct metabolic profile of BPD compared to restrictive procedures (LAGB, 

LGCP) has strong biological justification. BPD creates significant malabsorption 

through biliopancreatic diversion, leading to: (1) increased fat oxidation and 

ketogenesis (evidenced by elevated acetone), (2) altered amino acid absorption and 

metabolism (reflected in BCAA metabolites), and (3) dramatic shifts in gut 

microbiome ecology (captured by aromatic amino acid metabolites like 4-

hydroxyphenylacetate).[321–329] The absence of detectable changes in LAGB 

metabolomes at 6 months aligns with Kayser et al. (2017), who reported that 

restrictive surgeries show metabolic recovery toward baseline by 3 months, unlike 

malabsorptive procedures which maintain distinct metabolic signatures long-

term.[310] This suggests that BPD's metabolic benefits derive partly from sustained 

alterations in nutrient handling rather than solely from weight loss. 

  

The identification of creatinine and urea as discriminators between diabetic and non-

diabetic groups reflects the intimate connection between diabetes and renal 

function. Diabetic nephropathy is a leading cause of kidney disease, and alterations 

in creatinine clearance and urea metabolism serve as sensitive indicators of renal 

health.[272] Bariatric surgery improves renal function through multiple mechanisms 

including weight loss, improved glycaemic control, and reduced inflammation, all of 

which are captured in the normalisation of these metabolites. The concordance 



 229  

between bNMR and HF-NMR for these markers strengthens their validity as clinical 

indicators. 

 

The comparison of metabolites identified in the bNMR and HF-NMR spectra, Figure 

62 and Figure 63, reveals fewer identifiable metabolites in the bNMR data. This 

observation is consistent with expectations, given the lower sensitivity and 

increased peak widths associated with bNMR technology. The number and types of 

identifiable metabolites are comparable to those reported in similar published 

research.59,108 However, it is important to note that certain key metabolites, 

specifically 𝛼 and 𝛽 glucose signals surrounding the water signal, which were 

identified in previous bNMR studies, were not detected in this research.108,289,290 

This disparity between identifiable metabolites could be due to the different 

operating temperatures of the Oxford Instrument bNMR spectrometer used in this 

study (40°C) compared to the Magreteck spectrometer (25°C) employed in previous 

bNMR diabetes studies.  

 

Another significant difference in this research is the use of the WET-180 pulse 

sequence, as opposed to the presaturation sequence commonly employed in 

previous bNMR diabetes studies.[109,298,299] While both pulse sequences are 

designed to reduce the water signal, the presaturation sequence can potentially 

yield better results and offer more selectivity than the WET pulse sequence.[330] The 

pre-sat pulse sequence was initially tested during parameter exploration and 

optimisation for this study, but it produced less optimal results compared to the 

WET-180 sequence in bNMR analysis.  

 

The absence of glucose peaks in the spectra may also be influenced by the fact that 

many patients in this study were reportedly taking medication or the water 

suppression pulse sequence used (Appendix 14). These medications are known to 

manage and alter glucose concentrations, potentially affecting the detectability of 

glucose in the urine samples. For example, Metformin, a common medication for 

treating T2DM, works by decreasing glucose production in the liver and improving 

glucose uptake by cells.[331–333] Sulfonylureas, another class of T2DM medications, 

stimulate the pancreas to produce more insulin, which helps regulate insulin and 

reduce blood sugar levels.[334–338] This could also help to explain why differences 

between disease states are not as pronounced. 
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7.5. Future Work 

While this study has provided valuable insights into the metabolic changes 

associated with bariatric surgery and diabetes progression, several limitations must 

be acknowledged and addressed in future research. The relatively small sample 

size (120 samples) in this study may limit the generalisability of the findings. Future 

research should aim to incorporate larger and more diverse cohorts to enhance the 

statistical power and external validity of the results. This could include patients from 

various ethnic backgrounds, age groups, and geographical locations to account for 

potential genetic and environmental influences on metabolic profiles. 

 

Potential confounding factors such as dietary habits, physical activity levels, and 

medication use were not comprehensively addressed in this analysis. Future studies 

should implement more rigorous controls for these variables, possibly including 

detailed dietary logs, physical activity trackers, and comprehensive medication 

histories. This would allow for a more nuanced understanding of how these factors 

interact with metabolic changes post-surgery and at the bNMR scale. 

 

A key limitation of this study is the lack of comparison with healthy individuals who 

have never been diagnosed with diabetes or classified as clinically overweight. 

Including such a control group in future research could reveal potentially irreversible 

metabolic pathway changes that might be distinguishable from the current dataset. 

This comparison could provide insights into the long-term metabolic consequences 

of obesity and diabetes, even after successful interventions. 

 

The cross-sectional nature of this study limits the ability to establish causality 

between metabolic changes and surgical interventions. Future research should 

prioritise longitudinal studies that track patients over extended periods post-surgery, 

ideally for several years. This approach would provide a more robust understanding 

of the dynamic nature of metabolic alterations and could reveal long-term trends and 

potential relapses. 

 

While this study focused on metabolomics using NMR spectroscopy, future research 

could benefit from integrating multiple omics approaches. Combining metabolomics 

with genomics, transcriptomics, and proteomics could provide a more 
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comprehensive picture of the molecular mechanisms underlying metabolic changes 

post-bariatric surgery. Given the differences observed between bNMR and HF-NMR 

results, future studies should work towards standardising NMR protocols for 

metabolomic analysis in diabetes and obesity research. This could include 

comparative studies of different pulse sequences, sample preparation methods, and 

data analysis techniques to establish best practices in the field. 

 

The identification of key metabolites such as hippuric acid warrants further 

investigation into specific metabolic pathways affected by bariatric surgery and 

diabetes progression. Future studies could focus on targeted analyses of these 

pathways to elucidate their roles in metabolic improvements post-surgery. As this 

research progresses, efforts should be made to translate these findings into clinical 

applications. This could include the development of predictive models for surgical 

outcomes based on pre-operative metabolic profiles or the creation of non-invasive 

monitoring tools for post-surgical metabolic health. 

 

By addressing these limitations and pursuing these future directions, researchers 

can build upon the foundation laid by this study to further understanding of the 

complex metabolic changes associated with bariatric surgery and diabetes 

progression. This knowledge will be crucial in developing more personalised and 

effective interventions for obesity and diabetes management.
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Chapter 8 Final Discussion 

This study has explored a range of biofluids, and pulse sequences to evaluate the 

potential of bNMR spectroscopy for disease detection. While prior bNMR research 

has primarily focused on diabetes and tuberculosis, this work has significantly 

expanded the scope by investigating additional diseases and challenging the 

technology with closely related disease phenotypes. 

 

8.1. Disease Detection, Monitoring and Prediction 

A key finding of this research was bNMR's ability to differentiate between various 

health states. For instance, the technology successfully distinguished HbA1c-

defined healthy individuals from diabetic patients who had undergone bariatric 

surgery using urine samples (as discussed in Chapter 7). These findings are 

consistent with existing bNMR and HF-NMR research on diabetes detection. This 

study builds on previous work by including patients classified as pre-diabetic based 

on HbA1c levels, as suggested by Edgar et al. (2021). Interestingly, in this study, 

presented in this research, neither bNMR nor HF-NMR could distinguish this pre-

diabetic state from healthy or diabetic patients, highlighting a potential limitation in 

detecting subtle metabolic changes. Previous research has successfully detected 

these changes using HF-NMR, though this was conducted using blood samples 

instead of urine. [339,340] Future research could investigate whether biofluid 

differences may influence pre-diabetes detection. In developing an action plan to 

combat diseases such as T2DM, health practitioners need to consider cost-effective 

solutions and ensure that the plan is suitable for the patient.  

 

While the primary goal of healthcare is to provide the best possible care, it is equally 

important that the implemented plan yields meaningful results. Consequently, this 

research also determined the potential to use bNMR in predicting significant 

improvements in HbA1c results following bariatric surgery. While bNMR 

demonstrated promising predictive potential (Q2: 0.135) and correlation (R2: 0.619), 

it lacked statistical significance (p > 0.05) when compared to HF-NMR (Q2: 0.291, 

p < 0.05). These results suggest that predicting the outcomes of bariatric surgery 

may require a higher sensitivity of instruments, such as that of the 400 MHz HF-
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NMR, than bNMR currently offers. Further exploration of pulse sequences, sample 

preparation, and a targeted approach could enhance the viability of bNMR for 

predicting surgical outcomes. 

 

Contrastingly, in the asthma study analysing blood plasma (explored in Chapter 6), 

bNMR successfully differentiated between MA, DTC asthma, and HCs. Although 

HF-NMR showed stronger correlation and predictive potential between disease 

states, bNMR still met the statistical significance threshold, highlighting its potential 

as a valuable tool in disease detection and distinction. It also shows that bNMR has 

the ability to differentiate disease phenotypes, opening the possibilities for other 

diseases and comorbidities like chronic obstructive pulmonary disease (COPD), 

chronic kidney disease (CKD), and coronary heart disease (CHD). 

 

Ruiz-Cabello et al. (2022) were among the first to explore the detection of closely 

related diseases and health states using blood plasma with bNMR. Although they 

claimed "perfect discrimination" between tuberculosis (TB) and paratuberculosis 

(PTB) using PCA, their conclusion is questionable as the 95% confidence regions 

necessary to support this claim were not presented. Similarly, their conclusion that 

cows could be differentiated based on vaccination status lacked data as evidence, 

with the confidence regions crucially missing. In contrast, this asthma study has, for 

the first time, shown the ability to distinguish between groups in a predictive model 

that is supported by data statistically. However, the limitations of bNMR revealed by 

this study need to be acknowledged. The technology struggled to distinguish 

between DTC and HCs, although these results were close to the significance 

threshold.  

 

Similarly, in the IE study using canine CSF samples (Chapter 5), bNMR showed a 

lack of correlation and predictive potential for distinguishing IE from HCs. These 

observations emphasise the importance of understanding bNMR's role within the 

broader context of metabolomics research and clinical diagnostics. This study was 

also not without its limitations. Ethical considerations prevented the inclusion of true 

HCs in the sample cohort, as only animals visiting the vet for potential ailments were 

included. Future work should investigate whether this was a contributing factor and 

incorporate other diseases into the model. 
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While bNMR may not be suitable for in-depth characterisation of metabolic 

pathways, where HF-NMR analysis remains preferable, it shows considerable 

promise in developing detection models for conditions involving larger metabolic 

changes. In addition to bNMR’s ability to distinguish between certain health states, 

it is also able to do this at a lower cost than HF-NMR analysis, making it an attractive 

option for large-scale screening and monitoring programs. 

 

8.2. Metabolites and Future Detection and Monitoring of 
Diseases 

Identifying disease-associated metabolites using bNMR presents significant 

implications for diagnostic and monitoring capabilities in a clinical setting. This 

research has unveiled the detectable metabolites in human blood plasma and urine, 

as well as the CSF analysis of dogs through bNMR analysis. Additional work, 

detailed in the appendices, has shown similar metabolites identified in cat urine 

(CKD) (Appendix 17-20), human blood serum (Appendix 22 and 23), and broth 

media obtained from bacterial culture cultivation (Appendix 21 and 22). However, it 

is important to provide support for research efforts going forward. To support future 

research efforts, enrichment analysis via MetaboAnalyst (version 6.0) revealed 

specific metabolite hits across various pathways. 

 

In the blood plasma study on asthma, 21 metabolites were identified in the bNMR 

spectra, while HF-NMR detected 23 metabolites. The difference in the number of 

identified metabolites can be attributed to variations in sensitivity and peak widths 

between the two analytical platforms. This was an anticipated result based on 

previous research between spectrometer frequencies. Previous research has also 

shown similar observations, such as post-bariatric surgery urine analysis and the 

CSF study on IE in dogs. 

The incomplete identification of all spectral peaks highlights current limitations in 

metabolomics database completeness. Most publicly available databases lack 

(such as the HMDB) comprehensive coverage above 1,000 MHz and below 100 

MHz, which is not solely a limitation of bNMR but reflects a broader challenge for 

emerging analytical technologies. For instance, while Chenomx claims the capacity 

to identify 338 small molecules across various sample types, this technology 
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remains in its infancy, and the identification accuracy does not yet match that 

achievable with high-field NMR data. 

The HMDB reports over 2,500 identified metabolites in biofluids; however, both 

benchtop and high-field NMR demonstrate limited coverage compared to mass 

spectrometry approaches, primarily due to lower instrumental sensitivity. 

Nevertheless, no single analytical platform can comprehensively identify all 

metabolites present in complex biological samples, given their diverse chemical 

properties and concentration ranges. As discussed in Chapter 1.6.5, gas 

chromatography-mass spectrometry (GC-MS) typically covers approximately 200 

metabolites, while liquid chromatography-mass spectrometry (LC-MS) extends 

coverage to over 1,000 metabolites. This inherent complementarity among 

analytical platforms underscores that unidentified peaks represent both technical 

limitations and potentially novel or low-abundance compounds not yet catalogued 

in existing databases. 

It is important to note that the goal of this research was not to identify all metabolites 

present in the samples, but rather to determine which metabolites are detectable 

using the lower sensitivity benchtop NMR technique. From the identified range of 

metabolites observed across urine, saliva, and blood, enrichment analysis on 

potential diseases that could be detectable was subsequently completed. 

 

Enrichment analysis (Appendix 9.5) of the bNMR metabolites identified in blood 

plasma indicated 110 diseases that could be explored with the simplistic sample 

preparation of the EDTA tubes. These findings suggest that the identified 

metabolites could serve as reliable biomarkers for detecting and monitoring many 

other diseases. For instance, colorectal cancer, early preeclampsia, and pancreatic 

cancer all shared metabolites with those identified in Appendix 5 during this study 

(14, 12, and 10 metabolite hits respectively during enrichment analysis). bNMR 

could, therefore, be well suited to support the health objectives of healthcare 

providers like the NHS. Furthermore, bNMR could be used to improve cancer 

detection and monitoring and help reduce maternity-related deaths. 

 

The early identification of diseases through metabolic profiling could enhance 

treatment efficacy and patient outcomes. Both early and late-onset preeclampsia 
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showed notable metabolites hits during enrichment analysis (12 and 11, 

respectively), indicating that metabolic changes could be instrumental in predicting 

and managing preeclampsia, potentially reducing adverse outcomes in 

pregnancies. Diseases such as schizophrenia and Alzheimer's disease also 

displayed significant metabolite hits, suggesting that metabolic profiling could aid in 

understanding the biochemical underpinnings of these complex disorders, possibly 

leading to improved diagnostic and therapeutic strategies. 

 

For the bNMR analysis of CSF, the broad signals and low signal-to-noise ratio 

(SNR) made interpreting different amino acids, such as leucine and isoleucine, 

challenging. Nevertheless, out of the 16 metabolites that could be detected, 26 

diseases identified from enrichment analysis (detailed in Appendix 9) were linked to 

CSF-related diseases and deficiencies. However, the lack of current research into 

bNMR CSF-related studies highlights the need for further research efforts to be 

undertaken to fully utilise the potential of bNMR in metabolomic studies. The list 

includes important and hard-to-diagnose neurological diseases that have the 

potential to be detected including Alzheimer’s disease, schizophrenia, and 

dementia. Routine diagnostics for Alzheimer’s and dementia are achieved via 

psychological examination. The implementation of analytical techniques for 

detection such as bNMR could improve accessibility for target populations most at 

risk such as individuals in care homes. This would additionally relieve the burden on 

practitioners and free up their time for other responsibilities. 

 

From the bariatric surgery urine study, a total of 20 metabolites were detectable by 

bNMR when compared to HF-NMR, the only undetected metabolite was α-

Ketoisocaproic acid. This correlates to 38 significant diseases (identified from 

enrichment analysis in Appendix 15) that have the potential to be detected and 

monitored by bNMR and much like with the CSF (Appendix 9) and blood plasma 

asthma (Appendix 5) studies, enrichment analysis includes cancers and 

neurological diseases. This highlights a potential starting point for future research, 

initially targeting well-understood diseases. However, these results should be 

interpreted cautiously due to the unknown capabilities of bNMR in detecting many 

of the suggested diseases. The associations between metabolites and diseases are 

important, but this research cannot conclude whether bNMR has the sensitivity 

required to differentiate potential small changes in the metabolome in diseases not 
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yet studied. Instead, they provide a foundation from which bNMR could be trialled 

for certain diseases, detection models, prognosis, and tracking. 

 

8.3. Sample Preparation and Pulse Sequence 

Recommendations 

A significant limitation of this research that warrants further investigation is the time 

required for sample analysis. With an average of two hours per sample for 

shimming, locking, and acquisition, future work could focus on optimising these 

processes to reduce analysis times without compromising detection accuracy. This 

optimisation will be crucial for the technology's practical implementation in clinical 

settings.  

 

Throughout this investigation, several limitations were encountered. To maintain the 

cost and time benefits associated with bNMR, minimal sample preparation was 

undertaken. While advantageous in terms of practicality, this approach presented 

challenges when analysing complex biofluids such as CSF and blood serum/ 

plasma. In these cases, it was necessary to adopt pulse sequences capable of 

suppressing both water and macromolecule signals. Despite these challenges, 

bNMR demonstrates the capability to detect numerous metabolites, even in the 

presence of these additional relaxation mechanisms, highlighting its potential utility 

in clinical applications. A small preliminary study on the effects of NMR tube 

parameters on bNMR spectra was conducted, as shown in Appendix 16. The results 

demonstrated that more economical tubes perform just as well as those 

recommended for higher-field spectrometers. Consequently, significant cost 

reductions can be achieved by selecting the most affordable, suitable tubes for 

analysis. 

 

The sample preparation and data acquisition methods employed in the blood 

plasma asthma study may have limited the separation observed between health 

types. The use of EDTA tubes for blood collection and the relatively minimal sample 

preparation protocol led to spectra with several unwanted signals. Additionally, the 

use of formate as an internal standard may have introduced an inherent limitation, 
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as blood can naturally contain small concentrations of formate. By adding formate, 

it could limit its use as a biomarker in asthma detection and prognosis.[341]  

 

In a previous study, Ruiz-Cabello et al. (2022) also used plasma, although 

undertook the approach of completing further sample preparation to study bovine 

tuberculosis (TB). Ruiz-Cabello et al. (2022) used a centrifugal filter with a 3 kDa 

molecular weight cutoff to remove protein and lipid components from the sample. 

This costs between £3.34 - 6.36 on the filters alone per sample. This allowed the 

researchers to use the PRESAT pulse sequence without the need for a T2 filter. 

However, Ruiz-Cabello et al. (2022) failed to report the metabolites that they were 

able to identify using bNMR. With the cost of analysis completed throughout this 

research costing less than £2 per sample, the added filters add a large additional 

cost. With no spectra provided by Ruiz-Cabello et al. (2022) in their study, it is hard 

to compare the cost-to-value ratio of these additional sample preparation steps. 

However, future studies could be conducted to replicate the study completed by 

Ruiz-Cabello et al. (2022) and identify all metabolites present. 

 

This research explored a range of pulse sequences, including WET-180-NOESY, 

WET-180, WET-CP, Presaturation, WET-180-CPMG, WET-180-Project, WASTED-

II, and Robust-5. For bNMR urine analysis, WET-180 or WET-CP are recommended 

based on their superior performance of water suppression and the limited effect of 

the far-away solvent signal. Traditional water suppression techniques such as 

WATERGATE or presaturation, used more commonly in HF-NMR studies, provided 

insufficient SNR and water suppression, respectively.  

 

The WASTED-II sequence, incorporating a T2 filter, showed promising results for 

water and protein suppression for plasma, serum and CSF. While WET-180-CPMG 

and WET-180-PROJECT were also tested, the results obtained were poor, 

potentially suggesting stability problems with the lock, which the WASTED-II pulse 

sequence was able to overcome. Previous research in CSF analysis using NMR 

has predominantly focused on two pulse sequences: Presat-NOESY and CPMG. 

Presat-NOESY is widely adopted due to its simplicity and apparent enhancement of 

small molecule signals. However, in cases where CSF samples contain high protein 

content, some studies opt for T2-filtered sequences like CPMG. The research 

findings indicate that WASTED-II outperformed all other tested pulse sequences, 



 239  

(for samples with macromolecules present) including WET-180, WET-180-NOESY, 

Presaturation, WET-CPMG, and WET-PROJECT. The research also revealed that, 

because of the minimal sample preparation, a T2 filter was necessary to prevent 

interference from proteins. The T2 filter is capable of efficiently reducing protein 

signals without requiring complex sample preparation or pulse sequence 

optimisation. Considering the straightforward sample preparation protocol used in 

this study, there is considerable potential for implementing this approach in clinical 

settings. 

 

With only one previous study completed using bNMR for saliva, future research 

efforts should explore this non-invasive biofluid further. Despite the lower 

abundance of metabolites in saliva, its less invasive nature combined with the cost-

effectiveness of bNMR analysis presents an intriguing avenue for future research. 

For instance, routine dental check-ups could incorporate saliva monitoring at 6-

month to 1-year intervals to track oral health-related diseases. HF-NMR has been 

previously used to detect periodontitis, cavities, and oral squamous cell carcinoma. 

It would also be interesting to investigate the best pulse sequence to use too, as 

findings may show WET-CP or WET-180 to be better suited for bNMR analysis than 

presaturation.  

 

Another aspect of this research that warrants further investigation is the 

implementation of quantitative studies. The current research prioritised maximising 

SNR to enhance disease detection and metabolite identification. While quantitative 

studies could be implemented if required, it is worth considering whether disease 

detection alone might be sufficient before expanding into more detailed analyses for 

quantification. 

 

8.4. Conclusion 

While bNMR is not yet fully equipped for immediate implementation in healthcare 

settings, the research presented in this thesis, along with previous research in the 

field, strongly supports its potential as a valuable tool for disease detection and 

monitoring. Future research should prioritise larger population studies, potentially 

leveraging initiatives like the “Our Future Health” study, to investigate a broader 



 240  

range of diseases and explore bNMR's capacity to monitor multiple conditions 

including comorbidities.  

 

This research has shown that while bNMR cannot yet monitor diabetes progression 

or reliably predict outcomes like those following bariatric surgery, it can distinguish 

between healthy and diabetic states, demonstrating promising diagnostic 

capabilities. However, there are limitations with this study. Results obtained were 

not inherently quantitative, and some disease-specific biofluids, such as saliva, have 

yet to be thoroughly explored. Cancer detection, in particular, represents a key 

future target where bNMR could make a significant impact.Early cancer detection 

remains a critical clinical challenge, and current screening methods are often 

invasive, expensive, or limited to specific cancer types. The ability of bNMR to 

analyse multiple biofluids with minimal sample preparation could provide a rapid, 

cost-effective screening tool capable of detecting metabolic signatures across 

various cancer types, potentially enabling earlier intervention when treatment is 

most effective. 

 

The addition of new disease studies in this research, including asthma, further 

highlights bNMR’s potential in metabolomics. Commonly studied biofluids like urine 

and blood plasma present a clear opportunity to reduce false positives and false 

negatives in disease detection while enabling more widespread use of 

metabolomics due to the low-cost analysis. Modern pulse sequences and bNMR 

hardware allow for simplified sample preparation, making this method 

advantageous for rapid, affordable analysis. Further research is needed to fully 

explore where bNMR lacks the specificity to fully distinguish between similar disease 

phenotypes. Nevertheless, its ability to highlight metabolic markers of interest could 

help guide healthcare providers in earlier disease intervention. 

 

To optimise bNMR for healthcare applications, future research should consider two 

approaches: (1) employing bNMR as an initial screening tool to broadly identify 

potential diseases, followed by more targeted and expensive methods for 

confirmation, or (2) enhancing sample preparation and analytical complexity for 

cases requiring precise phenotype differentiation. Comparative studies using both 

simple and complex sample preparation could help identify the best strategies for 

bNMR deployment. 
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Modern pulse sequences and bNMR hardware support the ability for reduced 

sample preparation while still obtaining a wide range of metabolites. As such 

qualitative studies using water suppression pulse sequences that benefit from a 

shorter acquisition time, like WET and WATERGATE, could enable optimum signal 

is gained in the shortest period. 

 

By leveraging the straightforward methodologies detailed in this research, along with 

the potential disease markers identified through enrichment analysis, this work can 

help pave the way for advancements in personalised medicine and public health. 

bNMR offers a promising tool to support the transition from reactive to proactive 

healthcare by enabling earlier diagnosis and timely intervention. Its scalability and 

versatility make it ideal for broad population screening initiatives, which could 

significantly enhance public health efforts. Additionally, this research has introduced 

a novel approach for the identification of idiopathic epilepsy markers, a condition 

that currently requires prolonged and complex diagnostic procedures. Future 

studies should investigate how bNMR could be integrated into early screening 

programs to facilitate intervention before clinical symptoms arise. 
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Chapter 9 Appendices 

9.1. Comparison of 2D COSY and TOCSY NMR Spectra 

 
Figure 78 - A comparison of 3-Heptanone using COSY and TOCSY.  This figure illustrates the differences 
between the COSY (left) and TOCSY (right) spectra.  
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9.2. 2D COSY NMR Spectrum of Blood Plasma 
Metabolites 

 
Figure 79 – COSY NMR Spectrum of Blood Plasma.  The full 2D COSY spectrum shows cross-peaks 
representing scalar couplings between protons in blood plasma metabolites. Diagonal signals correspond to 
auto-correlations, while off-diagonal cross-peaks indicate correlations between coupled proton pairs, providing 
insight into the structure and connectivity of metabolites in the sample. 
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9.3. Expanded COSY NMR Spectrum of Blood Plasma (0 
– 5ppm) 

 
Figure 80 - 0-5ppm COSY NMR Spectrum of Blood Plasma.  
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9.4. Expanded COSY NMR Spectrum of Blood Plasma (3 
– 9ppm) 

 
Figure 81 - 3-9ppm COSY NMR Spectrum of Blood Plasma. 

 

9.5. bNMR Blood Plasma Enrichment Analysis 

In this study, a broad spectrum of metabolites identified by bNMR was analysed to 

explore their association with various other diseases and health conditions. The 

table below presents the diseases that have the potential to be detected by bNMR 

in blood plasma samples. The total number of metabolites in each disease pathway, 

the number of metabolite hits, and their corresponding p-values and FDR values are 

also provided. In total 110 (HMDB identified studies) diseases/health conditions 

were recognised from the identified bNMR metabolites. 
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Table 14 - Summary of Identified bNMR Blood Plasma Metabolite Associations with Various Diseases.  This 
table presents the total number of metabolites in each disease/ health condition, along with their significance 
(p-value) and corrected significance (False Discovery Rate).  
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Diseases/ health conditions 

Total 
metabolites 
in pathway 

Metabolite 
hits p-value FDR 

Colorectal cancer 54 14 *** *** 

Early preeclampsia 45 12 *** *** 

Pancreatic cancer 21 10 *** *** 

Schizophrenia 101 13 *** *** 

Late-onset preeclampsia 40 11 *** *** 

Lipoyltransferase 1 Deficiency 12 8 *** *** 

Epilepsy 15 8 *** *** 

Alzheimer's disease 59 9 *** *** 

Pregnancy 766 13 *** *** 

Fumarase deficiency 13 5 *** *** 

Dihydrolipoamide Dehydrogenase Deficiency 8 4 *** *** 

Maple syrup urine disease 11 4 *** *** 

Histidinemia 4 3 *** *** 

Sepsis 23 4 *** *** 

Branched-chain Keto Acid Dehydrogenase 
Kinase Deficiency 6 3 *** *** 

Phosphoenolpyruvate Carboxykinase Deficiency 
1, Cytosolic 7 3 *** *** 

N-acetylglutamate synthetase deficiency 9 3 *** *** 

Phenylketonuria 9 3 *** *** 

Heart failure 12 3 *** *** 

Hyperglycinemia, lactic acidosis, and seizures 2 2 *** *** 

Viral infection 2 2 *** *** 

Uremia 92 4 *** *** 

Kidney disease 28 3 *** *** 

2-Methyl-3-hydroxybutyryl-CoA dehydrogenase 
deficiency 3 2 *** *** 

Dengue fever 3 2 *** *** 
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2,4-dienoyl-CoA reductase deficiency 4 2 *** *** 

Metabolic encephalomyopathic crises, recurrent, 
with rhabdomyolysis, cardiac arrhythmias, and 
neurodegeneration 4 2 *** *** 

Myocardial infarction 4 2 *** *** 

Refractory localization-related epilepsy 4 2 *** *** 

Hypermethioninemia 5 2 *** *** 

Infantile Liver Failure Syndrome 2 5 2 *** *** 

Pyruvate carboxylase deficiency 5 2 *** *** 

3-Methyl-crotonyl-glycinuria 6 2 *** *** 

Fructose-1,6-diphosphatase deficiency 6 2 *** *** 

Leigh's syndrome, subacute necrotizing 
encephalopathy, SNE 6 2 *** *** 

Mitochondrial trifunctional protein deficiency 6 2 *** *** 

Citrullinemia type II, neonatal-onset 7 2 *** *** 

3-Hydroxyacyl-CoA dehydrogenase deficiency 9 2 *** *** 

Obesity 745 6 *** *** 

3-Hydroxy-3-methylglutaryl-CoA lyase deficiency 11 2 *** *** 

3-Hydroxy-3-Methylglutaryl-CoA Synthase 
Deficiency 12 2 *** *** 

3-Hydroxyisobutyryl-coa hydrolase deficiency 2 1 ** ** 

3-Phosphoglycerate dehydrogenase deficiency 2 1 ** ** 

Alpha-aminoadipic and alpha-ketoadipic aciduria 2 1 ** ** 

Beckwith-Wiedemann Syndrome 2 1 ** ** 

Cerebral creatine deficiency syndrome 1 2 1 ** ** 

Cerebral creatine deficiency syndrome 3 2 1 ** ** 

Coenzyme Q10 deficiency, primary, 5 2 1 ** ** 

D-Glyceric acidura 2 1 ** ** 

Diabetes and Deafness, Maternally Inherited 2 1 ** ** 

GRACILE syndrome 2 1 ** ** 

Hawkinsinuria 2 1 ** ** 
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Hyperinsulinemic hypoglycemia, familial, 1, 
HHF1 2 1 ** ** 

Hypoglycemia, familial neonatal 2 1 ** ** 

Iminoglycinuria 2 1 ** ** 

Leigh Syndrome, French Canadian Type 2 1 ** ** 

Maturity onset diabetes of the young, type 2 2 1 ** ** 

Myopathy with lactic acidosis, hereditary 2 1 ** ** 

Neu-Laxova Syndrome 1 2 1 ** ** 

Phosphoserine Aminotransferase Deficiency 2 1 ** ** 

Phosphoserine Phosphatase Deficiency 2 1 ** ** 

Pyridoxamine 5-prime-phosphate oxidase 
deficiency 2 1 ** ** 

Pyruvate dehydrogenase deficiency 2 1 ** ** 

Pyruvate dehydrogenase deficiency (E1) 2 1 ** ** 

Tyrosinemia I 2 1 ** ** 

Acute myelogenous leukemia 3 1 ** ** 

Addison's Disease 3 1 ** ** 

Carnitine transporter defect; primary systemic 
carnitine deficiency 3 1 ** ** 

D-Lactic Acidosis 3 1 ** ** 

Dicarboxylic aminoaciduria 3 1 ** ** 

Hyperlipoproteinemia 3 1 ** ** 

Juvenile myoclonic epilepsy 3 1 ** ** 

Lipodystrophy 3 1 ** ** 

Lysinuric protein intolerance 3 1 ** ** 

Methylmalonic aciduria mitochondrial 
encephelopathy Leigh-like 3 1 ** ** 

Mitochondrial complex I deficiency due to ACAD9 
deficiency 3 1 ** ** 

Sarcosinemia 3 1 ** ** 

Short/branched chain acyl-CoA dehydrogenase 
deficiency 3 1 ** ** 
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Tyrosinemia 3 1 ** ** 

Wolcott-Rallison syndrome 3 1 ** ** 

Continuous ambulatory peritoneal dialysis 4 1 ** * 

Familial partial lipodystrophy 4 1 ** * 

Fanconi Bickel syndrome 4 1 ** * 

Glucagon deficiency 4 1 ** * 

Growth hormone deficiency 4 1 ** * 

L-2-Hydroxyglutaric aciduria 4 1 ** * 

Leptin Deficiency or Dysfunction 4 1 ** * 

Lipodystrophy, Congenital Generalized 4 1 ** * 

Mitochondrial pyruvate carrier deficiency 4 1 ** * 

Partial lipodystrophy 4 1 ** * 

Cerebral creatine deficiency syndrome 2 5 1 ** * 

Donohue Syndrome 5 1 ** * 

Short-chain L-3-hydroxyacyl-CoA 
dehydrogenase deficiency 5 1 ** * 

Carnitine palmitoyltransferase I deficiency 6 1 ** * 

Myopathy, lactic acidosis, and sideroblastic 
anemia 1 6 1 ** * 

Proprotein Convertase 1/3 Deficiency 6 1 ** * 

Pyruvate dehydrogenase phosphatase 
deficiency 6 1 ** * 

2-Ketoglutarate dehydrogenase complex 
deficiency 7 1 ** * 

Diabetes mellitus type 1 7 1 ** * 

Long-chain Fatty Acids, Defect in Transport of 7 1 ** * 

Pearson Syndrome 7 1 ** * 

Sulfite oxidase deficiency, ISOLATED 7 1 ** * 

Stomach cancer 9 1 ** * 

21-Hydroxylase deficiency 11 1 ** * 

Primary hypomagnesemia 12 1 * * 
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Alcoholism 13 1 * * 

Adrenal insufficiency, congenital, with 46,XY sex 
reversal, partial or complete 14 1 * * 

Adrenal hyperplasia, congenital, due to 3-beta-
hydroxysteroid dehydrogenase 2 deficiency 18 1 * * 

Hemodialysis 19 1 * * 

Diabetes mellitus type 2 21 1 * * 

 

9.6. CSF COSY Spectrum 

 

Figure 82 - COSY Full Spectrum of CSF 
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9.7. CSF COSY Spectrum 0.5 – 6ppm 

 
Figure 83 - CSF COSY Spectrum 0.5 – 6ppm 
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9.8. CSF COSY Spectrum 6.5 – 8.5ppm 

 
Figure 84 - CSF COSY Spectrum 6.5 – 8.5ppm 
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9.9. Other identified CSF metabolites at 1H 800 MHz  

 

Figure 85- 800 MHz HF-NMR spectrometer with extra identified metabolites in a representative CSF sample.  1) 2-hydroxybutyric acid, 2) Acetone, 3) Pyruvic Acid, and 4) 3-hydroxybutyric 
acid. 
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9.10. OPLS-DA analysis of CSF of their age 

 
Figure 86 - OPLS-DA analysis of puppies with senior dogs.   Q2 of 0.521 (p<0.001), R2 of 0.78 (p = 0.05).  

 

9.11. bNMR CSF Enrichment Analysis  

In total 26 (HMDB identified studies) diseases/ health conditions were identified with 

at least one metabolite being present in this study that could be used to detect 

different diseases. Only one disease, Lipoyltransferase 1 Deficiency, was significant 

and met the false discovery rate (FDR) correction significance. Three additional 

diseases also met the p-value threshold: leukaemia, Glucose transporter type 1 

deficiency syndrome, and 2-ketoglutarate dehydrogenase complex deficiency. 

 
Table 15 - Potential detectable diseases and health conditions using 1H bNMR analysis of CSF identified during 
Enrichment Analysis.[211] 
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Disease and Health Conditions 
Total 
Hits 

Hits 
P -
Value 

FDR 

Lipoyltransferase 1 Deficiency 6 4 *** ** 

Leukemia 21 5 ** - 

Glucose transporter type 1 deficiency syndrome 3 2 ** - 

2-Ketoglutarate dehydrogenase complex deficiency 4 2 * - 

Epilepsy, early-onset, vitamin B6-dependent 8 2 - - 

Maple syrup urine disease 9 2 - - 

Meningitis 21 3 - - 

2,4-dienoyl-CoA reductase deficiency 2 1 - - 

Carnitine transporter defect; primary systemic carnitine 
deficiency 

2 1 - - 

Cerebral creatine deficiency syndrome 2 2 1 - - 

D-Lactic Acidosis 2 1 - - 

Leigh's syndrome, subacute necrotizing encephalopathy, SNE 2 1 - - 

Long-chain Fatty Acids, Defect in Transport of 2 1 - - 

Propionic acidemia 2 1 - - 

Pyruvate dehydrogenase deficiency 2 1 - - 

Pyruvate dehydrogenase deficiency (E1) 2 1 - - 

Rett syndrome 2 1 - - 

Tuberculosis 2 1 - - 

Schizophrenia 25 3 - - 

Alzheimer's disease 56 5 - - 

Dicarboxylic aminoaciduria 3 1 - - 

Canavan disease 4 1 - - 

Perillyl alcohol administration for cancer treatment 4 1 - - 

Dementia 5 1 - - 

Tuberculous meningitis 7 1 - - 

Multiple sclerosis 17 1 - - 
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9.12. Urine COSY Full Spectrum 

 
Figure 87 - Urine COSY 
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9.13. Urine COSY 6.5 – 9.5ppm spectrum 

 
Figure 88 - COSY spectrum 6.5 - 9.5ppm 
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9.14. HSQC Diabetes 

 
Figure 89 - Urine HSQC of sample 34 i 



 260  

9.15. HSQC 3-4ppm 

 
Figure 90 - 3-4ppm Urine 

 

 

9.16. Medication and its Effect On Urine Metabolome 

As observed in Figure 91a (left) and b (right), there is a large overlap between all 

medication groups and the separation that is observed is non-statistically significant 

suggesting overfitting of the data. From this, it was concluded that the medication 

had little to no influence, and no correction factor was applied to the data. 
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Figure 91 - PLS-DA plot of bNMR and HF-NMR of medication on urine. 

 bNMR p = 0.502 (left) and HF-NMR (right) p = 0.618 of medication types from samples. Metformin (red), 
Sulphonylureas (Light blue), Metaformin and Sulphonylureas (Green), and not provided (dark blue) 

 

9.17. bNMR Urine Enrichment Analysis 

Diseases identified through enrichment analysis of HMDB identified studies of 

diseases from bNMR urine metabolites.  

 
Table 16 - MetaboAnalyst Enrichment analysis of Diseases associated with identified urine metabolites by 
bNMR 

Disease / health status 
Tota

l 
Hits 

Raw 

p 

FD

R 

Lung Cancer 33 14 *** *** 

Paraquat poisoning 7 7 *** *** 

Metabolites Affected By Age 11 7 *** *** 

Diabetes mellitus type 1 13 7 *** *** 

Colorectal cancer 34 9 *** *** 

Eosinophilic esophagitis 335 20 *** *** 

Tyrosinemia I 11 6 *** *** 

Rats Treated With Hgcl2 13 6 *** *** 

Schizophrenia 33 8 *** *** 

Rhabdomyolysis 4 4 *** *** 

Argininosuccinic aciduria 9 5 *** *** 
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Maple syrup urine disease 19 6 *** *** 

Metabolites Affected By Diurnal Variation 6 4 *** *** 

Propionic acidemia 34 7 *** *** 

Rats Treated With Hydrazine 9 4 *** *** 

Peripheral Inflammatory Pain In The Rat (Fca Model) 10 4 *** *** 

Difference Between Normal Han-Wistar (Hw) And 

Sprague-Dawley (Sd) Rats 
10 4 *** *** 

Phenylketonuria 21 5 *** *** 

Autosomal  dominant polycystic kidney disease 43 6 *** ** 

Amish lethal microcephaly 7 3 *** ** 

Lipoyltransferase 1 Deficiency 8 3 *** ** 

Metabolites Affected By Gender 8 3 *** ** 

3-Methylglutaconic Aciduria type VI 3 2 ** * 

Exposure To Tri-Butyl Phosphate (Tbp) 3 2 ** * 

3-Methyl-crotonyl-glycinuria 4 2 ** * 

Creatine Deficiency, Guanidinoacetate 

Methyltransferase Deficiency 
4 2 ** * 

Deafness, Onychodystrophy, Osteodystrophy, 

Mental Retardation, and Seizures Syndrome 
6 2 ** - 

Dimethylglycine Dehydrogenase Deficiency 6 2 ** - 

Methylmalonate Semialdehyde Dehydrogenase 

Deficiency 
6 2 ** - 

Primary hypomagnesemia 7 2 ** - 

Alzheimer's disease 23 3 * - 

Hartnup Disease 12 2 * - 

Cerebral creatine deficiency syndrome 1 2 1 * - 

Cerebral creatine deficiency syndrome 3 2 1 * - 

D-Glyceric acidemia 2 1 * - 

Pearson Syndrome 2 1 * - 

Pyruvate carboxylase deficiency 2 1 * - 

Trimethylaminuria 2 1 * - 

Cerebral creatine deficiency syndrome 2 3 1 - - 

Iminoglycinuria 3 1 - - 
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Sarcosinemia 3 1 - - 

3-Methylglutaconic Aciduria (Type I) 3 1 - - 

Citrullinemia Type I 3 1 - - 

Hydroxyprolinemia | Hyperprolinemia, Type I | 

Hyperprolinemia, Type II | Iminoglycinuria 
3 1 - - 

Hyperargininemia 3 1 - - 

Juvenile Myoclonic Epilepsy 3 1 - - 

Tyrosinemia III 3 1 - - 

Exposure To Tri-Phenyl Phosphate (Tpp) 3 1 - - 

3-Methylglutaconic Aciduria type V 4 1 - - 

Biotinidase deficiency 4 1 - - 

Carbamoyl Phosphate Synthetase Deficiency 4 1 - - 

Cystinuria 4 1 - - 

Fructose intolerance, hereditary 4 1 - - 

Hyperdibasic aminoaciduria I 4 1 - - 

Hyperlysinemia I, familial 4 1 - - 

Hyperlysinuria 4 1 - - 

Lysinuric protein intolerance 4 1 - - 

Tyrosinemia II 4 1 - - 

Dihydrolipoamide Dehydrogenase Deficiency 5 1 - - 

Duchenne Muscular Dystrophy 5 1 - - 

Hepatocellular carcinoma 5 1 - - 

Lysinuric Protein Intolerance (Lpi) 5 1 - - 

Ornithine Transcarbamylase Deficiency (Otc) 5 1 - - 

Renal Fanconi Syndrome 5 1 - - 

Perillyl alcohol administration for cancer treatment 57 3 - - 

Diabetes mellitus type 2 33 2 - - 

3-Hydroxy-3-methylglutaryl-CoA lyase deficiency 9 1 - - 

Anoxia 9 1 - - 

Methylmalonic Aciduria (Mma) 10 1 - - 

Fumarase deficiency 23 1 - - 

Obesity 184 1 - - 

 



 264  

9.18. Optimum bNMR Tubes 

Common (1H, 13C, 15N, and 19F) Nuclear Magnetic Resonance Spectroscopy (NMR) 

uses 5 mm borosilicate glass tubes to contain a sample. Borosilicate glass is 

frequently used in NMR due to its low coefficient of thermal expansion and durability, 

as well as its high chemical resistance to corrosive environments. This composition 

results in the ideal material for common NMR nuclei, such as 1H 13C and 15N, as its 

structure does not interfere with signals in the spectra; however, large broad signals 

arise during acquisition if using an interfering nucelli like 11B.[342] When this is the 

case, quartz tubes are often used instead but are innately more fragile, prone to 

chipping and more expensive to produce than borosilicate NMR tubes.  

 

Depending on the specification of the instrument and the purpose of the experiment, 

tubes can range in diameter, length, and frequency. Smaller diameter tubes are 

applied in situations where only a small sample volume is present (5µL); however, 

due to a lower abundance of magnetic nucelli present, a lower signal is achieved 

often leading to longer analysis times. The 10 mm diameter variant has a larger 

capacity (~4,000 µL) but is used less frequently due to the need for a specialised 

probe and additional issues with the homogeneity of the magnet. 

 

Three main factors can alter spectra because of the tube; they are the composition 

of the tube, imperfections in the glass, and the balance of the tube. Concentricity is 

a measurement of the constancy of the tubes thickness, whereas camber refers to 

how straight it is. A large imbalance of concentricity and camber can reduce the 

homogeneity of a sample leading to inferior results. This is further exaggerated 

when imperfections in the glass can result in inadequate shimming [343]. Instruments 

can also be damaged because of insufficient tube quality. Examples of damage 

caused to the probe include large camber convexities that create tube wobble when 

spinning tubes and an uneven outer diameter (concentricity) that can cause tubes 

to slide around in the sample spinner.[342] Tubes that yield a higher signal-to-noise 

ratio (S/N) and a smaller peak width (PW), achieve the most preferable results. With 

the need to reduce costs in health care diagnostics and monitoring, the aim of this 

study is to compare various 5 mm borosilicate tubes, and to investigate the 

variability of tubes specifications on PW and S/N using benchtop NMR (bNMR). 
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9.18.1. Materials and Methods 

All tubes (observed in Table 17) were purchased from Fisher Scientific and analysed 

using an Oxford Instruments (OI) 60MHz Pulsar benchtop NMR (bNMR) 

spectrometer (probe temperature 35˚C), with spectral analysis using MestReNova 

version 14.2.3. Creatine, urea, acetone, ethanol, sodium phosphate monobasic 

(Na2HPO4), sodium phosphate dibasic (NaH2PO4), 3-(Trimethylsilyl)propionic-

2,2,3,3 acid sodium salt (TSP) were purchased from Sigma-Aldrich.  

 
Table 17 -  Product Information on examined NMR tubes 

Experiment Identifier and 

Product Name 

Frequency 

(MHz) 

Camber 

(mm) 

Concentricity 

(mm) 

DO 

(mm) 

DI 

(mm) 

Cost 

per tube 

(£) 

Tube A: Norell  505-P-7 200 0.04 0.01 4.97 4.2 5.16 

Tube B: Norell 508-UP-7 500 0.013 0.005 4.97 4.2 10.84 

Tube C: Norell XR-55TM-7 300 0.038 0.01 4.97 4.2 5.64 

Tube D: Wilmad WG-

BTNMR-7 

45 0.051 0.076 4.95 4.09 1.08 

Tube E: Wilmad 505-PS-8 100 0.051 0.076 4.9635 4.2 7.72 

Tube F: Wilmad 505-PS-7 100 0.051 0.076 4.9635 4.2 7.70 

 

The buffer solution was prepared using 0.2885g of sodium phosphate monobasic in 

5mL of deuterium and 0.372g of sodium phosphate dibasic in 5mL of deuterium. 

Moreover, 100uL of the 7.1pH phosphate buffer solution was then added to each 

sample tube, followed by 50µL of TSP 0.5% of W/V, 50µL Sodium Azide 0.02% 

W/V, 100µL 0.009mg of Creatinine W/V, 100µL of acetone 0.03mL V/V and 100µL 

of Ethanol 0.02mL V/V. A WET-CP pulse sequence was used with 32 scans, a four-

second relaxation relay, 16.697 µs pulse width, 32768 points and 5208 Hz width. All 

samples were referenced to TSP at δ = 0 ppm, before being manually phase 

corrected a baseline corrected. The acetone singlet (2.22 ppm) was then analysed 

for its PW at half height manually and its S/N automatically through the MestReNova 

software. Statistical analysis was then completed using Python 3.10. All samples 

were shimmed, tuned, and matched before analysis. 
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9.18.2. Results 

A statistical measure of how well data points fit in a regression model (Table 18), 

was applied to measure the performance of tubes based on their metrics. An 

absence of correlation is displayed between the three main spectral features and 

the tube parameters, as shown in Table 18. A low correlation (44.7%) between cost 

per tube and signal to S/N displays the highest explanation of variance in data. 

These are suggestive that lower-cost tubes may be more cost-effective on bNMR.  

 

Table 2: R2 values of baseline noise, peak width and signal-to-noise against sample 

parameters. 
Table 18 - R2 values of baseline noise, peak width and signal-to-noise against sample parameters. 

R2 Value 

Cost 
per 

tube DO DI Concentricity Camber Frequency 

Thickness 

of wall 

Baseline 
Noise 0.0001 0.01 0.001 0.086 0.072 0.062 0.004 

Peak Width 0.223 0.01 0.05 0.010 0.037 0.048 0.063 

S/N 0.447 0.28 0.32 0.093 0.209 0.258 0.314 

DO; Diameter Outer, DI; Diameter Inner, S/N; Signal to Noise. 

 

The statistical significance of each category is shown in Table 19. The S/N has a 

statistically significant impact the with cost per tube, diameter outer (DO), diameter 

inner (DI), frequency and thickness of the wall. The baseline noise displays P-values 

above 0.05 (the statistical limit) for all tube parameters. This suggests that there is 

no strong statistical evidence to conclude that any of the sample parameters have 

a significant effect on the baseline noise. A similar outcome was also observed with 

the peak width at half height (peak width), where no significance is seen (DO, DI, 

concentricity, camber frequency and thickness of wall) except for the cost per tube 

where a potential significance is shown (0.04785). Statistical significance was 

observed for S/N for the cost per tube (0.00241), DO (0.02299), DI (0.01445), 

Frequency (0.03122) and the thickness of the tubes wall (0.01561). This suggests 

that these factors do have a significant relationship with S/N. Overall, the 

concentricity and camber did not seem to have a significant effect on the baseline 

noise, peak width or S/N.  
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Table 3: P-values of baseline noise, peak width, and signal-to-noise against sample 

parameters. 
Table 19 - P-values of baseline noise, peak width, and signal-to-noise against sample parameters 

P-value 

Cost 
per 

tube DO DI Concentricity Camber Frequency 

Thickness 

of wall 

Baseline 

Noise 0.98 0.67 0.90 0.24 0.28 0.32 0.81 

Peak 

Width 0.048 0.67 0.36 0.69 0.44 0.38 0.31 

S/N 0.002 0.023 0.014 0.22 0.056 0.03 0.016 

DO; Diameter Outer, DI; Diameter Inner, S/N; Signal to Noise. 

 

To calculate the tubes which produce the lowest peak width and highest S/N, a 

“quality” score (Equation 1) was devised. Where PW is the peak width at half height 

of the signal and the S/N is the signal-to-noise ratio of the signal compared to the 

background noise. This multiplies the peak width by the S/N ratio showing a higher 

quality score is associated with a smaller peak width and higher S/N. This score will 

be affected by the instruments’ magnetic field strength, shim quality and potential 

sample preparation procedures. To avoid, this a standard operating procedure 

(SOP) for this procedure will avoid discrepancies between users. This could be 

applied in the same way instrument manufacturers want to discover the resolution 

of their devices. 

𝑄𝑢𝑎𝑙𝑖𝑡𝑦 = 𝑃𝑊	 × 	 𝑆 𝑁c  Equation 18 

 

Equation 1 was applied in Figure 92 against the advertised frequency of each tube. 

The quality score between 45MHz and 300MHz showed little to no improvements 

between tubes; however, the 500MHz tube showed the greatest range, with both 

the highest and lowest quality score of an individual tube. This could have been 

caused from an anomaly in the data for a poor tube or hardware issues as previously 

mentioned. The 200 MHz tube (B) showed to be the most consistent tube.  
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Figure 92 - A scatter graph showing the quality score of each tubes spectrum against the advertised frequency 
of the tube at 60 MHz.   Key: red, tube A; yellow, tube B; green, tube C; light blue, tube D; dark blue, tube E; 
purple, tube F 

 

A further equation, Equation 19, has been formulated to calculate the quality of a tube 

against the cost of a tube. This equation could be adapted so that the cost per tube 

is weighted accordingly to the user’s requirements. In the example, shown in Figure 

93, the cost per tube is weighted 1:1 so that the price has a large impact on the 

overall purchasing choice.  

𝑉𝑎𝑙𝑢𝑒	𝑄𝑢𝑎𝑙𝑖𝑡𝑦 =
𝑃𝑊	 × 	𝑆 ⁄ 𝑁 
𝐶𝑜𝑠𝑡	𝑝𝑒𝑟	𝑡𝑢𝑏𝑒 Equation 19 

 

Equation 19 was further used in Figure 93 to display which tube was the most suitable 

for bNMR if the cost is a considerable impact on the consumables that are 

purchased. Overall tube D showed to be the most cost effective with tube B 

producing the lowest scores. 
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Figure 93 - A graph of the division of the quality score by the tube cost for each of the tested tube types.  

 Key: red, tube A; yellow, tube B; green, tube C; light blue, tube D; dark blue, tube E; purple, tube F. 

 

9.18.3. Discussion 

The requirements of a tube’s quality could have a large impact on the choice that is 

made when purchasing consumables. From this preliminary study, key metrics 

advertised by tube manufacturers have little to no significant impact on the overall 

noise level of a spectrum. This is more likely to be attributed to the frequency of 

which bNMR spectrometers operate at. However, some effect is identified on the 

S/N and peak width that could be attributed to the tube thickness and the advertised 

suitable frequency of the tube. This significance is most likely attributed to the 

greater abundance of nuclei available with thinner-walled tubes. As displayed in 

Figure 93, tube D was the most economical tube for the quality of the spectrum. Due 

to the stringent costs seen in healthcare settings, the cost needed for an improved 

camber, concentricity or tube frequency does not yield an improvement that is most 

likely beneficial for cost-effective bNMR analysis. Future studies will need to be 

completed to replicate results at different operating frequencies to see where quality 

tubes should be employed. 

 

Overall, there is no strong correlation between tube parameters and the quality of 

results. As a result, there is no significant benefit to buying more expensive tubes 

A B C D E F 
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for bNMR and so it is recommended to buy the more affordable tubes available 

unless a comparison study on higher field spectrometers is used. A new 

recommendation is devised to improve clarity when making purchases by 

implementing a quality score (Equation 1) in the description and advertisement of 

tubes at different field frequencies. This has been formulated to better inform 

purchasing requirements.  

 

9.19. Chronic Kidney Disease assigned Urine 1H NMR 
spectrum 

 
Figure 94 - Comparison of 60 MHz benchtop spectrometer (a) and 800 MHz high field spectrometer (b).  
 The benchtop NMR spectrum has a much lower resolution and sensitivity compared to the high-field spectrum. 
The residual water signal has been removed from both spectra. The identified metabolites are as follows: 1. 2-
Hydroxybutyrate, 2. Lactate, 3. Acetate, 4. Pyruvate, 5. Succinate, 6. Citrate, 7. Creatine, 8. Creatinine, 9. 
TMAO, 10. Allantoin, 11. Urea, 12. Phenylacetyl glutamine, 13. Hippurate, 14. Methylnicotinamide, 15. Formate. 
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9.20. Chronic Kidney Disease Urine COSY Spectrum 

 
Figure 95 - Chronic Kidney Disease COSY Spectrum 
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9.21. Chronic Kidney Disease Urine COSY Spectrum (0.5 
– 5ppm) 

 
Figure 96 - Chronic Kidney Disease COSY Spectrum (0.5 – 5ppm) 
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9.22. Chronic Kidney Disease Urine COSY Spectrum 
(aromatic region)  

 
Figure 97 - Chronic Kidney Disease COSY Spectrum (aromatic) 
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9.23. Broth media obtained from bacteria culture 
cultivation annotated 1H bNMR spectrum using WET-CP 
pulse sequence 

 
Figure 98 - Annotated metabolites from microbiology media using WET-CP pulse sequence.  1) Acetate, 2) 
Acetoin, 3) Agmatine, 4) Alanine, 5) Ethanol, 6) Fumarate, 7) Glutamate, 8) Glycine, 9) Isoleucine, 10) Lactate, 
11) Leucine, 12) Glucose, 13) Phenylalanine, 14) Tyrosine, 15) Uracil, 16) Valine, and *) Formate 

Samples were prepared following protocols set out in Chapter 7. 
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9.24. Broth media obtained from bacteria culture 
cultivation annotated 1H HF-NMR spectrum using 
presaturation pulse sequence 

 
Figure 99 - Annotated metabolites from microbiology media using presaturation pulse sequence.  1) Acetate, 2) 
Acetoin, 3) Agmatine, 4) Alanine, 5) Ethanol, 6) Fumarate, 7) Glutamate, 8) Glycine, 9) Isoleucine, 10) Lactate, 
11) Leucine, 12) Glucose, 13) Phenylalanine, 14) Tyrosine, 15) Uracil, 16) Valine, and *) Formate 

Samples were prepared following protocols set out in in Chapter 7. 

9.25. Blood Serum annotated 1H bNMR spectrum using 
WASTED-II pulse sequence 

 
Figure 100 - Annotated metabolites from blood serum using bNMR WASTED-II pulse sequence.  

 The metabolites are: 1) Lipids, 2) Leucine, 3) Valine, 4) Isoleucine, 5) Lactate, 6) Alanine, 7) Lysine, 8) Acetone, 
9) Acetate, 10) Proline, 11) EDTA, 12) Glycine, and 13) Glucose. 
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9.26. Blood Serum annotated 1H HF-NMR spectrum using 

WASTED-II pulse sequence 

 
Figure 101 - Annotated metabolites from blood serum using HF-NMR WASTED-II pulse sequence.  

 The metabolites are: 1) Lipids, 2) Leucine, 3) Valine, 4) Isoleucine, 5) Lactate, 6) Alanine, 7) Lysine, 8) Acetone, 
9) Acetate, 10) Proline, 11) EDTA, 12) Glycine, and 13) Glucose. 
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