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Abstract 

Blood-borne metabolites can serve as readily accessible biomarkers reflecting 

biochemical alterations in neurological diseases, facilitating diagnostic, therapeutic and 

prognostic determination. In neurological disorders with overlapping symptoms, but 

with different aetiologies, timely diagnosis and appropriate treatment are crucial for 

optimal prognosis. is thesis employed nuclear magnetic resonance (NMR)-based 

metabolomics for biomarker discovery to improve diagnostics for antibody-mediated 

neurological disease.  

1H NMR is used for metabolite measurement due to its high reproducibility, instrument 

stability, minimal sample preparation requirements and ability to detect a wide range of 

biologically significant metabolites. Here, the effectiveness of NMR-based 

metabolomics to distinguish between disease classes was explored using orthogonal 

partial least squares-discriminant analysis (OPLS-DA), with 10-fold cross-validation 

with repetition and permutation testing. Plasma samples from a cohort comprising 

patients with autoimmune encephalitis (AE) and those with drug-resistant epilepsy 

(DRE) were analysed. NMR-based metabolomics effectively distinguished AE from 

DRE, achieving a high predictive accuracy of 87.0 ± 3.1%. is method also enabled the 

stratification of AE subtypes (NMDAR-Ab, LGI1-Ab, CASPR2-Ab AE), with subtype-

specific metabolite signatures observed. erefore, NMR-based blood tests are able to 

complement current autoantibody assays and could provide a faster, cost-effective, and 

highly accurate adjunct for AE diagnosis. e same methodology was then applied to 

serum samples from psychosis patients with and without the neuronal surface 

antibodies in common with those found in AE. A distinct metabolic signature, including 

decreased lipoprotein fatty acids and increased branched-chain amino acids and glucose, 

was identified in psychosis patients with voltage-gated potassium channel (VGKC) or 

glycine receptor (GlyR) antibodies. ese patients have more severe psychotic 

presentations, suggesting a unique inflammatory subtype.  

To facilitate clinical translation, this thesis work then addressed preanalytical variability 
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in blood samples by investigating the impact of pre-processing delays, post-processing 

delays, and different blood collection tubes on metabolite variability. A significant 

source of variability in blood was identified as the conversion of glucose to lactate owing 

to delays in blood pre-processing. However, it was discovered that the fluoride oxalate 

collection tubes effectively stabilise glucose and lactate levels for 24 hours at either 4 °C 

or room temperature, providing a viable alternative when rapid processing is not feasible. 

Preanalytical variability can also arise in brain NMR metabolomics owing to suboptimal 

extractions. Investigations using rodent brain samples revealed that metabolites such as 

aspartate, acetate, N-acetyl aspartate, and glutamate exhibited instability as a 

consequence of inadequate protein precipitation with 50% acetonitrile or methanol. 

Conversely, a methanol/water/chloroform extraction method provides the necessary 

reproducibility and extraction efficiency while effectively preserving metabolite stability 

by sufficient protein precipitation. is method can, therefore, be recommended for 

untargeted brain NMR metabolomics, as it enables the reliable detection of metabolic 

alterations at the site of pathology, complementing histological analysis and enhancing 

diagnostic precision. 

In conclusion, this thesis has demonstrated the potential of NMR-based metabolomics 

to be a powerful tool for distinguishing antibody-mediated neurological conditions, 

with the potential to enhance diagnostic precision, inform therapeutic strategies, and 

improve the understanding of disease mechanisms. By addressing preanalytical 

variability in both blood and brain metabolomics, this work has provided a blueprint to 

enhance the reliability and reproducibility of metabolomic analyses, leading to more 

accurate and consistent diagnostic and research outcomes. 
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Chapter 1: Introduction 

1.1 Biomarkers 

1.1.1 Definition 

Biomarkers, or biological markers, are widely used in environmental studies as 

“indicators signalling events in biological systems or samples” to assess the effects of 

pollution on organisms, and ecosystem health (Committee on Biological Markers of the 

National Research Council, 1987). For example, the activity of acetylcholinesterase in 

organisms is used to monitor environmental contamination by organophosphate 

pesticides (Sarkar et al., 2006). Concurrently, the term “biomarker” has been used 

commonly in basic, clinical research and clinical practice. e concept of biomarker has 

evolved over time. e updated and commonly accepted definition of biomarker, 

according to the National Institutes of Health Biomarkers Definitions Working Group, 

is “a characteristic that is objectively measured and evaluated as an indicator of normal 

biological processes, pathogenic processes, or pharmacologic responses to a therapeutic 

intervention” (Biomarkers Definitions Working Group, 2001). 

1.1.2 Classification 

e classification by Frank and Hargreaves divides biomarkers into Type 0, Type I and 

Type II, based on their relationship to disease progression and clinical utility (Frank & 

Hargreaves, 2003). Type 0 biomarkers are natural history markers of a disease, serving 

as inherent indicators of a disease’s natural course, and longitudinally correlate with 

known clinical indications. One such example is the measurement of serum creatinine 

to assess kidney function or monitor renal injury (van Veldhuisen et al., 2016). Type I 

biomarkers are drug activity markers which measure responses to therapeutic 

interventions. For instance, in antiviral therapy for diseases like hepatitis or human 

immunodeficiency virus (HIV), measuring viral load in response to medication serves 

as a Type I biomarker. Type II biomarkers are surrogate markers (or surrogate endpoints) 

that act as a substitute for a clinical outcome of a disease and predict clinical effect. 
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Consequently, they are relevant to both the disease pathophysiology and drug 

mechanism. Such markers may correlate with clinical endpoints but may not have a 

guaranteed relationship. For example, low-density lipoprotein cholesterol (LDL-c) is a 

Type II biomarker for cardiovascular diseases. Studies have established a correlation 

between LDL-c levels and the incidence of cardiovascular diseases, as well as the 

reduction in cardiovascular disease incidence associated with cholesterol lowering 

(Silverman et al., 2016). However, exceptions exist, such as cases of heart disease with 

low cholesterol levels, and instances where patients with high cholesterol levels do not 

develop heart disease. 

Based on their characteristics, biomarkers can be classified as imaging biomarkers or 

molecular biomarkers. Imaging biomarkers include techniques like computed 

tomography (CT), positron emission tomography (PET), and magnetic resonance 

imaging (MRI). Molecular biomarkers are measurable in biological samples, including 

nucleic acids, peptides, proteins, lipids, metabolites and other small molecules (Laterza 

et al., 2007).  

Biomarkers can also be categorised by their application, including diagnostic 

biomarkers, monitoring biomarkers, response biomarkers, predictive biomarkers, 

prognostic biomarkers (FDA-NIH Biomarker Working Group, 2016). e definitions 

and examples of each type of these biomarkers are listed in Table 1-1. e applications 

also reveal the importance of biomarkers in medicine and research, helping to improve 

diagnosis, treatment and patient outcomes.  

Table 1-1 Classification of biomarkers based on their applications. 

Classification Definition Example Type (0, I, II) 

Diagnostic biomarker 

A biomarker used to 
identify individuals with a 
disease or a subtype of the 
disease. 

Blood sugar or 
haemoglobin A1c 
(HbA1c) to identify 
Type 2 diabetes 
mellitus (American 
Diabetes Association, 
2011). 

Type 0 
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Classification Definition Example Type (0, I, II) 

Monitoring 
biomarker 

A biomarker measured 
repeatedly to assess the 
status of a disease or to 
detect the effect of a 
medical product. 

Hepatitis C virus 
ribonucleic acid 
(HCV-RNA) level to 
assess treatment 
response in patients 
with chronic 
hepatitis C (Terrault 
et al., 2018). 

Type I 

Response biomarker – 
Pharmacodynamic 
biomarker 

A response biomarker that 
indicates the biologic 
activity of a medical 
product or environmental 
agent without necessarily 
linking to efficacy, disease 
outcome, or established 
mechanism of action. 

Sweat chloride to 
assess response to 
cystic fibrosis 
transmembrane 
regulator (CFTR) 
potentiating agents in 
patients with cystic 
fibrosis (Durmowicz 
et al., 2013). 

Type I 

Response biomarker - 
Surrogate endpoint 
biomarker  

A response biomarker that 
is an endpoint used in 
clinical trials as a 
substitute for a direct 
measure of how a patient 
feels, functions, or 
survives. 

Blood pressure 
reduction as a 
validated surrogate 
endpoint for 
reduction in rates of 
stroke, myocardial 
infarction, and 
mortality (James et 
al., 2014). 

Type II 

Predictive biomarker 

A biomarker that identifies 
individuals who are more 
likely to experience either 
a beneficial or adverse 
effect from exposure to a 
medical product or 
environmental agent. 

 

BRCA1/2 genes 
mutations to identify 
responders to poly 
(ADP-ribose) 
polymerase (PARP) 
inhibitors in women 
with platinum-
sensitive ovarian 
cancer (Ledermann 
et al., 2012). 

Type I 

Prognostic biomarker 

A biomarker used to 
identify likelihood of a 
clinical event, disease 
recurrence or progression 
in patients who have the 
disease or medical 

Mutations in the 
BRCA1/2 genes to 
indicate the 
likelihood of a 
second breast cancer 
in women with breast 

Type 0 
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Classification Definition Example Type (0, I, II) 

condition of interest. cancer (Basu et al., 
2015). 

Table content summarised from (FDA-NIH Biomarker Working Group, 2016). 

1.1.3 Application in Neurological Disorders 

Neurological disorders are one of the leading causes of disability globally, affecting 

millions of people (Feigin et al., 2019). However, timely and effective treatment for 

neurological disorders is a public health challenge. e complexity of the nervous 

system, along with the diverse aetiologies underlying these disorders and the variability 

in individual symptoms and treatment response, makes it challenging to prescribe 

precise medications (Pankevich et al., 2014). Biomarkers play a crucial role in enhancing 

our understanding of neurological diseases and have the potential to aid in diagnosis, 

monitor disease progression, guide treatment decisions. Many biomarkers can be 

measured using non-invasive or minimally invasive methods, such as blood tests, urine 

tests, or imaging techniques such as MRI or PET scans. Furthermore, biofluid 

biomarkers offer the advantage of accessibility in neurological diseases where accessing 

the nervous system is difficult.  

Established biomarkers for assessing neurodegeneration include neurofilament light 

chain (NfL), glial fibrillary acid protein (GFAP), S100B and phosphorylated tau (p-tau). 

NfL is a structural component in neurons, and elevated NfL in cerebrospinal fluid (CSF) 

and blood are associated with neuroaxonal damage in many neurological diseases 

(Gaetani et al., 2019), including multiple sclerosis (Disanto et al., 2017), dementia, 

movement disorders (Olsson et al., 2019). GFAP, an intermediate filament assembly 

within astrocytes, serves as a biomarker of astrocyte injury, and elevated levels can be 

found in serum and CSF in a number of neurological diseases (Abdelhak et al., 2022). 

For example, applications include evaluation of traumatic brain injury (TBI) (Yue et al., 

2019), multiple sclerosis (Abdelhak et al., 2018), stroke (Foerch et al., 2006). S100B is a 

calcium-binding protein predominantly expressed in the brain, particularly by 

astrocytes (T. Abboud et al., 2023). Elevated levels of S100B in biofluids are recognised 
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as reliable indicators of neural stress (Michetti et al., 2019). In particular, serum S100B 

has been clinically validated as a biomarker for mild traumatic brain injury (Faisal et al., 

2023; Rogan et al., 2022). Lastly, plasma p-tau can predict tau and amyloid β pathologies, 

and differentiate Alzheimer’s disease from other neurodegenerative disorders 

(Gonzalez-Ortiz et al., 2023; Karikari et al., 2020).  

1.1.4 Evaluation of Biomarkers 

e effectiveness of biomarkers can be evaluated and quantified using various statistical 

metrics. One fundamental tool for assessing classifiers is the confusion matrix. e 

confusion matrix summarises prediction outcomes over the test set by categorising 

them into true positives (TP), false positives (FP), true negatives (TN) and false 

negatives (FN) (Ng et al., 2023) (Figure 1-1A). ese values are essential for calculating 

key performance metrics, including sensitivity, specificity, accuracy, positive predictive 

value (PPV), and negative predictive value (NPV) (Figure 1-1B). 

Sensitivity and specificity are metrics that assess the performance of the test to detect a 

true positive or true negative, respectively (Trevethan, 2017). For example, an 80% 

sensitivity means that the diagnostic test correctly identifies 80% of all individuals with 

the condition being tested for as positive; while an 80% specificity means that the 

diagnostic test correctly identifies 80% of all individuals without the condition being 

tested for as negative. Accuracy describes the overall ability of a test to differentiate the 

patient and healthy cases correctly.  

Positive predictive value (PPV) and negative predictive value (NPV), on the other hand, 

gives a probability that a particular person has the disease based on a positive or negative 

test result (Monaghan et al., 2021). For example, an 80% PPV means that 80% of all 

individuals with a positive test result have the condition being tested for, while an 80% 

NPV means that 80% of all individuals with a negative result do not have the condition 

being tested for. 

e receiver operating characteristic (ROC) curve is commonly used to evaluate the 
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trade-off between sensitivity and specificity for different threshold values of a diagnostic 

test (Florkowski, 2008). e area under the curve (AUC) is used to summarise the 

overall performance of a diagnostic test based on the ROC curve (Figure 1-1C). e 

AUC ranges from 0.5 to 1.0, where 0.5 indicates no discrimination and 1.0 indicates 

perfect discrimination. AUCs below 0.6 are generally not considered medically useful, 

while values of 0.75 or higher are considered useful for clinical purposes (Taylor et al., 

2008). 

An ideal biomarker should possess several key characteristics to be effective in clinical 

and research settings (Bennett & Devarajan, 2011; Bodaghi et al., 2023; Verma et al., 

2011). Firstly, it should demonstrate high specificity, accurately distinguishing the 

target condition from other conditions to minimise false positives. Similarly, it should 

boast high sensitivity, reducing the risk of false negatives. It should be easy to measure, 

rapid and reproducible. Accessibility and cost-effectiveness are also crucial for 

widespread clinical use, making the biomarker feasible for routine testing. Furthermore, 

it should have biological relevance, linked to the underlying disease mechanisms, 

thereby offering insights into pathophysiology, progression, and response to treatment. 

Ultimately, a biomarker with strong clinical utility not only aids in diagnosis but also 

supports treatment decisions, monitoring, and prognosis, enhancing patient outcomes 

and guiding precision medicine.  

In many clinical contexts, particularly those involving diseases with heterogeneous 

presentations or multifactorial aetiologies, a single biomarker may not be sufficient to 

capture the complexity of the condition (Kang et al., 2022; Zemans et al., 2017). In such 

cases, combining multiple biomarkers into a panel can improve diagnostic or prognostic 

accuracy by providing a more comprehensive picture of the disease state (J. Yang et al., 

2024). However, the integration of multiple biomarkers also presents challenges. ese 

include increased analytical complexity, higher costs, and the necessity for rigorous 

statistical validation to ensure clinical utility. Standardised, reproducible analyses are 

essential to maintain reliability across different clinical settings (McDermott et al., 2013). 
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To mitigate the risk of overfitting, robust statistical approaches such as cross-validation, 

regularisation techniques, and validation in independent cohorts are essential. When 

appropriately modelled and validated, multivariate biomarker panels can provide 

substantial advantages, enhancing disease stratification and supporting personalised 

treatment strategies. 

 

 

Figure 1-1 Metrics of validation. (A) Confusion matrix. (B) Formula of statistical metrics. (C) 
Receiver operating characteristics (ROC) curve and area under the curve (AUC). A ROC curve 
plots the true positive rate (sensitivity) against the false positive rate (1 - specificity) at various 
threshold settings. P, positive. N, negative. PP, predictive positive. PN, predictive negative. TP, 
true positive. FP, false positive. FN, false negative. TN, true negative.  
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1.2 Metabolomics 

1.2.1 Definition 

Omics technologies are high-throughput methods that enable the collection of vast 

amounts of data on specific molecular types within a single experiment (Quezada et al., 

2017). ey have emerged as powerful tools for biomarker discovery, capturing 

different levels of biological information, from genes (genomics) and transcripts 

(transcriptomics) to proteins (proteomics) and metabolites (metabolomics). is thesis 

focuses on metabolomics, the most downstream level of omics in an organism (Patti et 

al., 2012), for biomarker discovery.  

Metabolomics is the study of the global collection of low molecular weight metabolites 

(< 1,500 Da) present in biological specimens, collectively known as the metabolome 

(Wishart et al., 2007). ese small molecules, known as metabolites, play crucial roles 

in biological systems, such as energy production, synthesis of biomolecules, signal 

transduction, and metabolic regulation (Johnson et al., 2016). In energy production, 

specific metabolites can generate energy needed for cellular activities. For instance, 

glucose and fatty acids are broken down through glycolysis and beta oxidation to 

produce adenosine triphosphate (ATP), the primary energy currency for cellular 

functions. Additionally, metabolites act as building blocks for the synthesis of complex 

biomolecules; for example, amino acids contribute to protein synthesis, while 

nucleotides are integral to DNA/RNA synthesis. Apart from structural and energetic 

roles, metabolites facilitate signal transduction, where they function as signalling 

molecules that regulate cellular processes and intercellular communications. Cyclic 

adenosine monophosphate (cAMP), for example, mediates various intracellular 

signalling pathways involved in processes like cell growth, differentiation and apoptosis 

(YAN et al., 2016). Furthermore, metabolites contribute to the regulation of metabolism 

by acting as allosteric regulators or substrates for enzymes, thereby modulating enzyme 

activity and controlling metabolic flux. For instance, the glucose metabolite fructose-6-

phosphate (F6P) acts as an allosteric regulator of the enzyme phosphofructokinase-1 
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(PFK-1) in glycolysis (Webb et al., 2015). 

Metabolites originate from both endogenous sources and external factors such as diet, 

microbes, and xenobiotics. us, the metabolome reflects the physiological status of an 

organism in response to both genetic and environmental factors (Rattray et al., 2018). It 

provides direct signatures of biochemical activity, closely linked to the phenotype, 

representing a valuable reservoir for biomarker discovery and pathological investigation 

of diseases (A.-H. Emwas et al., 2019; Patti et al., 2012; A. Zhang et al., 2013). 

Metabolites can be categorised into several major classes based on their chemical 

structure, including amino acids, carbohydrates, lipids, nucleotides, organic acids, 

amines (Wishart et al., 2021). Each metabolite class has specific roles that contribute to 

different biological processes. For example, Amino acids are primarily involved in 

protein synthesis but also participate in signalling and metabolic regulation (G. Wu, 

2009). Carbohydrates serve as a major energy source and are involved in structural roles 

and cellular recognition (Chandel, 2021a). Lipids play key roles in energy storage, 

cellular membrane structure, and signalling (Segatto & Pallottini, 2020). Nucleotides are 

essential for genetic information storage and energy transfer (e.g., ATP) (Chandel, 

2021b). Organic acids act as intermediates in metabolic cycles, such as the citric acid 

cycle, which is central to energy production (I. Goldberg & Rokem, 2009). 

Currently, over 200,000 metabolites have been annotated in the human metabolome 

database (Wishart et al., 2021). As research progresses, this number continues to grow, 

driven by advancements in analytical methods and data repositories. However, despite 

these advancements, only a fraction of these metabolites can be accurately measured in 

practice. 

 

1.2.2 Rationale for Using Metabolomics to Study Neurological Diseases 

Diagnosing neurological diseases accurately and early is challenging, particularly in 

cases where symptoms overlap, such as between autoimmune encephalitis and psychotic 
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disorders (Funayama et al., 2022). Additionally, these diseases oen have diverse 

underlying mechanisms, including, inflammation (Skaper et al., 2018), oxidative stress 

(Uttara et al., 2009), mitochondrial dysfunction (Norat et al., 2020), and altered 

neurotransmitter levels (Teleanu et al., 2022). Conventional diagnostic methods, such 

as neuroimaging, electrophysiological tests and neuropsychological tests, may lack 

sensitivity, can be invasive or costly, and do not always capture the biochemical changes 

associated with early disease onset or progression. is highlights a critical need for 

reliable biomarkers with robust diagnostic capabilities, convenient testing methods, and 

predictive value for treatment responses. 

Metabolomics holds significant promise for meeting these needs. Given that metabolites 

are downstream of genomic, transcriptomic, and proteomic alterations, they can 

provide a more immediate reflection of physiological conditions. is biochemical 

snapshot can reveal subtle metabolic shis that occur even before clinical symptoms 

appear, making metabolomics a powerful tool for identifying biomarkers (Skene et al., 

2017).  

e robustness of metabolomics lies largely in its foundational techniques, nuclear 

magnetic resonance (NMR) and mass spectrometry (MS), both of which are known for 

their high-throughput, sensitivity, and reproducible detection capabilities. ese 

techniques are capable of the quantitative analysis of hundreds of metabolites in a 

sample in a single run. 

Metabolomics also holds promise for predicting treatment responses. Many treatments 

for neurological diseases work by altering biochemical pathways, such as those involved 

in neurotransmitter synthesis or inflammation. By identifying metabolites associated 

with specific pathways and treatment responses, metabolomics can help predict how a 

patient will respond to a particular therapy (McGrath & Young, 2019; Muranaka et al., 

2023, 2023; Teitsma et al., 2018; Zheng et al., 2024). For instance, distinct metabolomic 

profiles could indicate sensitivity or resistance to a given drug, allowing clinicians to 

tailor treatments. Additionally, monitoring changes in metabolomic profiles over time 
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can provide insights into treatment efficacy, helping to optimise therapeutic strategies 

and adjust interventions based on biochemical feedback. 

e application of metabolomics spans various sample types, including biofluids (blood, 

urine, cerebrospinal fluids), and tissues (post extraction), providing flexibility in both 

research and clinical settings. While the invasive nature of tissue sampling limits its 

routine use in human studies, tissue metabolomics remains valuable in specific contexts. 

For example, tumour biopsies are increasingly analysed to characterise metabolic 

heterogeneity within cancers, offering insights into tumour biology, progression, and 

treatment response (H. A. Miller et al., 2022). In contrast, biofluids offer a less invasive 

way to obtain metabolic information and offer the advantage of repeated collection at 

multiple time points, making them more favoured for human studies. Among biofluids, 

cerebrospinal fluid (CSF) stands out as a prime candidate for studying neurological 

disorders due to its close proximity to the brain, as evidenced by the use of CSF 

metabolomics in detecting neuroinflammation (Yan et al., 2021). However, the invasive 

nature of CSF collection procedures limits its utility in large-scale studies. As a result, 

blood samples, collected as serum or plasma, have become the primary biofluid used in 

metabolomic analyses of neurological diseases (Quinones & Kaddurah-Daouk, 2009).  

Metabolite exchanges between blood and the brain are thought to be tightly regulated 

by the blood-brain barrier (BBB) and the blood-CSF barrier (BCSFB), where 

aquaporins and membrane-bound carrier proteins regulate influx and efflux via passive 

and active transport processes (Carstens et al., 2024). BBB dysfunction is observed as an 

early critical feature of many inflammatory CNS diseases (Archie et al., 2021). In 

response to inflammation, the BBB undergoes an increase in solute permeability and 

facilitates lymphocyte trafficking into the brain (Sonar & Lal, 2018). is increased 

permeability of the BBB leads to an increase of blood-derived metabolites in the CSF 

and brain parenchyma. e inflammatory disruption of the BBB has showed to lead to 

metabolic consequences (Brown et al., 2016). e disruption of the BBB not only affects 

brain metabolic profiles but may also lead to alterations in the blood metabolome. While 
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blood metabolites are less directly associated with the brain than CSF, there is evidence 

linking blood metabolite changes with central metabolic alterations. For example, 

plasma tryptophan levels reflect CSF tryptophan and 5-hydroxyindoleacetic acid 

concentrations, thereby serving as an index of 5-hydroxytryptamine turnover in the 

CNS (Curzon, 1979). Additionally, blood metabolites have been shown to correlate with 

neuroimaging parameters in schizophrenia (Krzyściak et al., 2024) and with MRI 

measures and CSF biomarkers associated with Alzheimer’s disease pathology (Varma et 

al., 2018). 

e brain is metabolically active and relies heavily on systemic metabolism for energy 

and nutrient supply. Consequently, metabolic dysregulation in the brain, such as 

alterations in energy metabolism, neurotransmitter levels, or oxidative stress, can lead 

to changes in circulating metabolite levels (Donatti et al., 2020; Korczowska-Łącka et al., 

2023). Additionally, brain alterations can evoke systemic responses in peripheral tissues 

and organs. Neuroinflammation, oxidative stress, or neuronal damage in the brain can 

stimulate immune cells, modulate metabolic pathways, or release inflammatory 

mediators systemically (Solleiro-Villavicencio & Rivas-Arancibia, 2018; H. Wang et al., 

2023; Q. Yang et al., 2020). ese peripheral responses may be detected as indirect 

indicators of CNS dysfunction. 

1.2.3 Applications in Neurological Disorders 

ere is a growing number of metabolomics studies in biomarker discovery in 

neurological diseases, including Alzheimer’s disease (AD), epilepsy, multiple sclerosis, 

and Parkinson’s disease, which are among the most prevalent neurological diseases. 

Metabolomics identifies potential metabolic biomarkers that might facilitate diagnostic, 

therapeutic and prognostic determination in neurological diseases. By revealing altered 

metabolic pathways, metabolomics provides insights into disease mechanisms and 

uncovers potential therapeutic targets (Qiu et al., 2023). 

For example, metabolomic studies have identified several metabolic pathways 

associated with AD pathogenesis and progression, including lipid metabolism, fatty acid 
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metabolism, energy metabolism, arginine and glutamate metabolism (Wilkins & 

Trushina, 2018; C. Yin et al., 2023). In epilepsy, metabolomic studies on patients with 

epilepsy and epileptic animal models have suggested glutamate, lactate and citrate as 

potential biomarkers for epilepsy, and have highlighted metabolic pathways involving 

alanine, aspartate, and glutamate metabolism (W. Lai et al., 2022). In multiple sclerosis, 

metabolomic analysis has been used to distinguish patients from healthy controls and 

other demyelinating disorders, and discriminate patients according to their disease 

stage, and monitor treatment effects (Rispoli et al., 2021).  

Previous work in our group has demonstrated the value of NMR metabolomics in 

detecting and differentiating various autoimmune CNS diseases with overlapping 

symptoms. For instance, NMR plasma metabolomics has been shown to differentiate 

between relapsing-remitting and secondary progressive multiple sclerosis (Dickens et 

al., 2014, p. 2). Furthermore, NMR metabolomics has revealed plasma signatures for 

multiple sclerosis, aquaporin-4 (AQP4)-antibody and myelin oligodendrocyte 

glycoprotein (MOG)-antibody disease (Jurynczyk et al., 2017). It has also been used to 

subclassify within antibody-negative neuromyelitis optica spectrum disorder (NMOSD) 

patients, and distinguish between relapsing-remitting multiple sclerosis and Ab-

NMOSD (Yeo et al., 2019). Additionally, combining biochemical, proteomic, and 

metabolomic analysis of CSF has been shown to predict clinical conversion to multiple 

sclerosis (Probert et al., 2021). Serum metabolite biomarkers indicative of relapses in 

multiple sclerosis have been identified by the use of NMR metabolomics (Yeo et al., 

2021). 

rough these advancements, metabolomics not only enhances our understanding of 

the molecular underpinnings of neurological diseases, but also drives the development 

of more effective, personalised treatment strategies. 

1.2.4 Analytical Methods in Metabolomics 

Mass spectroscopy (MS) and NMR are the primary analytical platforms for metabolic 

profiling. MS is typically coupled with chromatographic separation techniques, such as 
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liquid chromatography (LC-MS), and gas chromatography (GC-MS). Chromatography 

provides a means to separate the metabolites based on their chemical properties such as 

polarity, size, or volatility (Xiao et al., 2012). is separation reduces sample complexity 

and helps to resolve individual metabolites from interfering compounds, enhancing the 

sensitivity and specificity of detection by MS. 

MS detects metabolites by first ionizing them, typically using techniques such as 

electrospray ionisation (ESI) or matrix-assisted laser desorption/ionisation (MALDI), 

which generate charged ions from the analyte molecules (Pitt, 2009). ese ions are then 

accelerated through an electric field and passed into a mass analyser, such as a 

quadrupole or a time-of-flight (TOF) analyser. e mass analyser separates ions based 

on their mass-to-charge ratio (m/z), allowing ions of different masses to be detected 

separately. Finally, the ions are detected by a detector, which measures their abundance 

at specific m/z values. e resulting LC/GC-MS data typically consists of m/z, retention 

time, and intensity for every detected ion mass. 

NMR spectroscopy, typically 1H NMR spectroscopy is used for measure metabolites in 

a biological sample. NMR spectroscopy detects metabolites by subjecting a sample to a 

strong magnetic field and radiofrequency pulses (Lane, 2012). Nuclei within the sample 

absorb and emit energy at characteristic frequencies, known as chemical shis, based 

on their chemical environment. ese shis provide information about the molecular 

structure of the metabolites and enable their quantification.  

e strengths and weaknesses for each technique are listed in Table 1-2 (Emwas et al., 

2019; Wishart, 2019). MS is more widely used, likely due to its high sensitivity, capability 

of detecting metabolites in nanomolar (nM) levels, and its extensive metabolite coverage, 

usually detecting thousands of metabolites in a biological sample. NMR accounts for 

about 20% of metabolomics studies, with the number of publications growing every year. 

NMR offers several unique strengths over MS: it boasts high reproducibility, good 

instrument stability, and minimal sample preparation requirements. ese 

characteristics make it a popular automated platform for large-scale clinical or 
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epidemiological studies. Furthermore, 1H NMR detects all protons in a sample, making 

it a universal, unbiased detector for metabolites above the limit of detection (See Table 

1-2). In contrast, MS requires different instruments and ionisation methods to identify 

metabolites in different classes. Despite the lower sensitivity of NMR, detecting only 

metabolites above micromolar (μM) levels, the metabolome portion detectable by NMR 

oen holds significant biological relevance. Moreover, NMR is capable of detecting 

compounds that are challenging for LC-MS, such as sugars, organic acids, alcohols, 

polyols, and other highly polar or low molecular weight compounds (Wishart et al., 

2023). Additionally, NMR has also become the clinically approved method for 

measuring plasma lipoprotein and cholesterol classes (Jiménez et al., 2018). One 

limitation of NMR-based metabolomics is spectral peak overlap, where multiple 

metabolites share similar chemical shis, leading to peak congestion in crowded regions 

of the spectrum. is can hinder accurate identification and quantification, especially 

in complex biological samples such as plasma or tissue extracts. While techniques such 

as two-dimensional NMR and spectral deconvolution soware can alleviate some of 

these challenges, they oen come at the cost of longer acquisition times and increased 

computational demands. In contrast, mass spectrometry, particularly when coupled 

with chromatography, generally provides superior resolution and separation of 

compounds, reducing issues related to signal overlap. 

Table 1-2 Pros and cons of mass spectrometry and nuclear magnetic resonance 
spectroscopy in metabolomics. 

 NMR MS 

Reproducibility Excellent Moderate 

Sensitivity Low (μM) High (nM) 

Selectivity 
Generally used for non-
selective (untargeted) 
analysis 

Can be used for both 
targeted and untargeted 
analysis. Both GC-MS and 
LC-MS are superior for 
targeted analyses. 

Metabolite coverage Modest (usually 30-100) Extensive (usually thousands 
detected, and hundreds 
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 NMR MS 

identified) 

Sample preparation 

Minimal (usually 
transferring the sample to an 
NMR tube and adding 
deuterated locking solvent) 

More demanding (requires 
chromatography; requires 
sample derivatization for gas 
chromatography) 

Sample measurement 
Relatively fast (average 
analytical time 5-10 
minutes) 

Relatively slow (usually 10-
40 minutes; new methods 
can be as fast as 2-3 
minutes) 

Sample recovery Non-destructive Destructive 

Quantification Inherently quantitative 

e intensity of the MS line 
is oen not correlated with 
metabolite concentrations; 
not fully quantitative 
without standard curves. 

Instrumentation 

Robust instrumentation. 

Minimal instrument 
downtime. 

Very expensive 
instrumentation. 

Frail instrumentation. 

Frequent instrument 
downtime. 

Moderately expensive 
instrumentation. 

Overlapping peaks 

May experience signal 
overlap, especially in 
crowded regions; 
complicates identification 
and quantification 

Chromatography and high 
mass resolution reduce 
overlap 

Adapted from (A.-H. M. Emwas et al., 2013; Wishart, 2019) with permission from the 

publishers. 

1.3 Nuclear magnetic resonance-based metabolomics 

1.3.1 NMR Principles 

is thesis uses NMR spectroscopy for the metabolomics studies. To elucidate the 

principles underlying NMR’s detection and quantification of metabolites in biological 

samples, key concepts were summarised from “Introduction to Spectroscopy”, “High-

resolution NMR Techniques in Organic Chemistry”, and “Understanding NMR 

spectroscopy” (Claridge, 2009; Keeler, 2016; Pavia et al., 2014). 
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1.3.1.1 Spin States 

Nuclei with an odd number of protons and/or an odd number of neutrons possess a 

property called spin, making them detectable through NMR. Commonly observed 

nuclei with spin are 1H, 2H, 13C, 14N, 17O, and 19F, while 12C and 16O lack this property. As 

moving electric charges generate magnetic fields, nuclei with spin generate their own 

tiny magnetic fields, resulting in a magnetic moment μ. In the absence of an external 

magnetic field, the spins are disordered, with no energy difference among different 

orientations. However, when an external magnetic field is applied, the nuclei align their 

spins in specific ways termed spin states. e number of available spin states for a 

nucleus in an external magnetic field is determined by its nuclear spin quantum number 

(I), calculated using the formula 2I + 1. For example, 1H and 13C nuclei (both with I = 

1/2) have two spin states. e two spin states for a spin ½ nucleus are either aligned with 

the field (lower energy) or aligned against the field (higher energy). ese states are 

referred to as parallel (α) and antiparallel (β), respectively. 

1.3.1.2 Resonance 

By convention, the applied magnetic field, denoted as B0, is always aligned along the z-

axis. Upon application of the magnetic field, the nucleus begins to precess around its 

own axis of spin at the Larmor frequency of the nucleus (Figure 1-2). e Larmor 

frequency, ω, is given by 

ω =  −𝛾𝛾𝐵𝐵0 rad s−1 or ν =  
𝛾𝛾

2𝜋𝜋 
𝐵𝐵0 Hz Equation 1-1 

Where ω is the is the angular frequency in radians per second, ν is the frequency in 

hertz, and γ is the gyromagnetic ratio, a constant that depends on the specific type of 
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nucleus.  

 

Figure 1-2 Precession of a spinning nucleus upon application of the magnetic field. B0, the 
applied magnetic field. ω, angular frequency. 

e precession of the nucleus generates an oscillating electric field of the same frequency 

as the Larmour frequency of the precessing nucleus. When radiofrequency pulses of 

Larmour frequency are applied to the precessing nucleus, the frequency of oscillating 

electric field component of the incoming radiofrequency matches that of the electric 

field generated by the precessing nucleus, leading to coupling of the two fields. is 

coupling can cause the nucleus to absorb energy from the radiofrequency pulse, 

transitioning from a low-energy spin state to a high-energy spin state. is phenomenon, 

termed resonance, indicates that the nucleus resonates with the incoming 

electromagnetic wave (Figure 1-3). 

e energy gap (∆E) between the two spin states is given by the equation:  

∆𝐸𝐸 = ℎ𝜐𝜐 =  
ℎ𝛾𝛾𝐵𝐵0
2𝜋𝜋 

 Equation 1-2 

where h is Planck’s constant, and γ is gyromagnetic ratio (specific to each type of 

nucleus). us, as the applied field strength increases, ∆E increases. Nuclei can only 

absorb energy that matches ∆E.  
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Figure 1-3 e process of nuclear magnetic resonance.  Upon the application of an external 
magnetic field, the nuclei align their spins in their spin states and start precession. e 
precessing nuclei absorb energy, resonating with radiofrequency pulses at their Larmor 
frequency. Once the pulse stops, the excited magnetic nuclei return to equilibrium (relaxation). 
During this process, the oscillating magnetic fields generated by the relaxing spins produce an 
electrical signal that gradually diminishes over time, known as Free Induction Decay (FID). is 
signal is then processed through Fourier Transformation (FT), converting the time-domain 
signal into a frequency-domain spectrum, which reveals information about the chemical 
environment of the nuclei. T1, the longitudinal relaxation time. FT, Fourier transformation. 

1.3.1.3 Population excess 

At thermal equilibrium, there will always be more nuclei in the low-energy state than 

the high-energy state, given by a Boltzmann distribution: 

𝑁𝑁ℎ𝑖𝑖𝑖𝑖ℎ
𝑁𝑁𝑙𝑙𝑙𝑙𝑙𝑙

=  𝑒𝑒�
−∆𝐸𝐸
𝑘𝑘𝑘𝑘 � Equation 1-3 

where k is the Boltzmann constant and T is the absolute temperature in Kelvin. For an 

NMR instrument operating at 700 MHz (16.4 T) at 298 K, for every 1 million nuclei in 

the higher energy state, there are approximately 1,000,106 nuclei in the lower energy 

state — a population excess of 106 nuclei. is population excess (Nlow – Nhigh)  allows 

resonance to be observed.. erefore, the small population excess explains the inherent 

insensitivity of NMR relative to alternative analytical techniques. e population excess 

gives rise to a resultant bulk magnetisation vector M along z-axis (Figure 1-4). 
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Figure 1-4 bulk magnetisation. e excess population of nuclei in the lower energy state results 
in a net bulk magnetization vector M oriented along the z-axis. is bulk magnetization arises 
from the alignment of nuclear spins in the presence of the applied magnetic field B₀. 

1.3.1.4 Chemical shi 

Protons in a molecule do not resonate at the same frequency, because the magnetic field 

they experience differs slightly from the applied external magnetic field B0. is 

discrepancy arises from the influence of surrounding electrons, which generate tiny 

magnetic fields that oppose B0. e density of electrons surrounding the protons varies 

subject to their chemical environments. Protons in regions with a higher electron 

density will resonate at higher frequencies, appearing further to the right on the NMR 

spectrum (Figure 1-5). 

Chemical shi (δ) is a field-independent measure, typically reported in parts per million 

(ppm). It represents the resonant frequency of a nucleus relative to a standard in a 

magnetic field. e reference standard for 1H and 13C NMR is tetramethylsilane (TMS), 

(CH3)4Si, where its resonance frequency is defined as δ = 0.  

δ =  
(𝑠𝑠ℎ𝑖𝑖𝑖𝑖𝑖𝑖 𝑖𝑖𝑖𝑖 𝐻𝐻𝐻𝐻)

(𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓 𝑖𝑖𝑖𝑖 𝑀𝑀𝑀𝑀𝑀𝑀)
  Equation 1-4 
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Figure 1-5 δ scale of chemical shi used in NMR spectroscopy. 

1.3.1.5 Pulse, relaxation, and free induction decay 

e bulk magnetisation vector M, resultant from the population excess, is used in the 

vector model of NMR to understand the behaviour of spins in NMR experiments. As M 

precesses at its Larmour frequency, a rotating frame of reference (coordinate system, 

x'y'z') that rotates in the same direction and at the same speed as M, is introduced to 

simplify the study.  

Modern Fourier Transform NMR instruments use pulses to excite all the magnetic 

nuclei present in the samples simultaneously. e pulse contains a wide range of 

frequencies, effectively exciting all magnetic nuclei in the sample with a single burst of 

energy. When the pulse is applied perpendicular to the M, all magnetic vectors begin to 

precess about the pulse axis and to tip towards the x-y plane, achieving phase coherence. 

e tipping angle is dependent on the duration of the pulse (pulse width). If a pulse 

applied along the x-axis, causing the M to tip 90° to the y-axis when the pulse ceases, it 

is referred as a 90°x pulse. 

 

Figure 1-6 e radiofrequency pulse. Applying a B1 pulse along the x-axis causes the bulk 



22 

magnetisation M to tip 𝜃𝜃 degrees towards the y-axis. 

Subsequently, once the pulse stops, the excited magnetic vector returns to their 

equilibrium distribution. e magnitude of the M gradually diminishes along the y-axis 

and increases along the z-axis over time, due to both spin inversion restoring the 

Boltzmann distribution and the loss of phase coherence. is process is termed 

relaxation. e recovery of the magnetisation along z-axis or re-establishment of 

Boltzmann distribution is termed longitudinal relaxation (spin–lattice relaxation, 

Figure 1-7), given by: 

𝑀𝑀𝑧𝑧(𝑡𝑡) =  𝑀𝑀𝑧𝑧,𝑒𝑒𝑒𝑒(1 − 2𝑒𝑒−
𝑡𝑡
𝑇𝑇1) Equation 1-5 

where the longitudinal relaxation time T1 is the decay constant for the recovery of the z 

component of the nuclear spin magnetisation. 

 

Figure 1-7 Longitudinal relaxation. Longitudinal component of the bulk magnetisation vector 
(Mz) exponentially relaxes to thermodynamic equilibrium. 

e diminishment of the magnetisation in the x-y plane, or the complete loss of phase 

coherence, is termed transverse relaxation (spin–spin relaxation, Figure 1-8), given by: 

𝑀𝑀𝑥𝑥𝑥𝑥(𝑡𝑡) =  𝑀𝑀𝑥𝑥𝑥𝑥(0)𝑒𝑒−
𝑡𝑡
𝑇𝑇2 Equation 1-6 

where the transverse relaxation time T2 is the decay constant for the component 

of M perpendicular to B0. 
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Figure 1-8 Transverse relaxation.  e transverse component of the bulk magnetisation vector 
(My) exponentially decays to its equilibrium state, resulting in a loss of phase coherence. 

For complete relaxation aer a 90° pulse, a delay of at least 5T1 is necessary, allowing 

magnetisation to recover by 99.33%. T2 correlates with the linewidth at half-height of 

the NMR signal.  

In the NMR instrument, a receiver coil situated in the x-y plane detects the oscillating 

electronic magnetic field from transverse magnetisation. When the magnetisation 

relaxes back to the z-axis, the oscillating electronic magnetic field decays and becomes 

zero. is basic form of signal detected is called the free-induction decay (FID). e FID 

includes all the frequencies emitted and can be quite complex. Fourier Transform, a 

mathematical method, is used to separate the individual components from the FID 

signal and convert them into distinct frequencies. Spins that relax rapidly produce fast-

decaying FIDs and broad resonances, while spins that relax more slowly result in longer 

FIDs and narrower resonances. 

1.3.1.6 Spin-spin splitting  

NMR proton signals can appear as multiplets, such as doublets, triplets, and quartets. 

is phenomenon, known as spin-spin splitting or J coupling, arises from the  

neighbouring spins. When a proton experiences spin-spin splitting with n equivalent 

neighbouring protons on adjacent carbon atoms, the NMR signal for this proton will be 

split into n + 1 peaks. Each peak corresponds to a different spin state combination of the 

neighbouring protons, and the spacing between these peaks is determined by the 

coupling constant J. e coupling constant, measured in Hertz (Hz), quantifies the 
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strength of the interaction between the spins of the coupled nuclei. For example, the 1H 

NMR spectrum of lactate has two resonances, featuring a quartet derived from the -CH 

group and a doublet derived from the –CH3 group (Figure 1-9).  

 

Figure 1-9 1H NMR spectrum of lactic acid.  

1.3.1.7 Quantification 

NMR has a quantitative capability, as it detects nuclear spins within the molecules. In 

principle, the NMR signal of an analyte should be proportional to the number of nuclei 

present. However, to acquire truly quantitative spectra, it is essential for spins to have 

full relaxation, necessitating a relaxation delay of at least 5T1 of the slowest relaxing 

nuclei. For example, the T1 of maleic acid in D2O phosphate buffered saline with a pH 

of 7.4, a commonly used internal standard, is about 6.2 s (Rundlöf et al., 2010). If this 

represents the longest T1 among sample resonances, the inter-scan relaxation delay 

should exceed 30 seconds. However, such prolonged acquisition times are oen 

impractical, particularly for high-throughput NMR metabolomics studies. In practice, 

shorter relaxation delays of 2-4 seconds are commonly used in most NMR 

metabolomics studies (Beckonert et al., 2007; A.-H. Emwas et al., 2016; Kostidis et al., 

2017). While this may not achieve absolute quantification, it allows for relative 

quantitative comparisons between spectra collected under identical conditions. To 

achieve absolute quantification in such scenarios, one estimated approach is to apply a 
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T1 correction factor to each quantified resonance (Bharti et al., 2008). Alternatively, 

calibration curves can be established for the resonances of interest by acquiring 

reference spectra of standards with known concentrations under identical conditions 

(Maes et al., 2012). 

1.3.2 Workflow of NMR-based Metabolomics 

Typically, the workflow for NMR-based metabolomics consists of four stages: sample 

preparation, data acquisition, data analysis, and biological interpretation (Figure 1-10). 

One of the advantages of NMR spectroscopy over mass spectrometry is its minimal 

sample preparation requirements. For example, biofluids such as serum, plasma and 

urine can be directly prepared into NMR samples by mixing with NMR buffer, while 

cells and tissues require extraction of metabolites for liquid-state NMR spectroscopy. 

Careful sample handling and storage conditions should be maintained throughout the 

preparation process to minimise sample degradation and ensure data integrity. is 

topic is further discussed in Section 1.5.1. 

NMR spectroscopy utilises various NMR-active nuclei, with 1H being the most widely 

used due to its presence in all metabolites and its higher NMR sensitivity (Gowda & 

Raery, 2021). Popular experiments for metabolomics include one-dimensional (1D) 

Nuclear Overhauser effect spectroscopy (NOESY) experiments and Carr–Purcell–

Meiboom–Gill (CPMG) experiments, which are further introduced in Section 1.3.3. 

NMR data pre-processing involves a series of computational steps applied to raw NMR 

spectra to enhance data quality, correct for systematic errors and prepare the data for 

subsequent analysis. ese steps are elaborated in Section 1.3.4 

Data analysis aims to identify difference in both overall metabolite levels and individual 

metabolites across groups. It includes multivariate analysis to explore underlying 

patterns, identify clusters and build predictive models, as well as univariate analysis to 

assess the differences in metabolite abundance across groups and relationships among 

the metabolites. Further details are provided in Section 1.3.5. 
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Biological interpretation involves elucidating the biological relevance and meaning of 

the observed changes in metabolite levels or patterns. is begins with metabolite 

identification or assignment by matching spectral data to known metabolites in the 

literature or databases (Wishart et al., 2021). Pathway analysis is then used to identify 

biological pathways associated with observed metabolic alterations by integrating 

experimental data with pathway databases, such as the Kyoto Encyclopedia of Genes 

and Genomes (KEGG) (Kanehisa & Goto, 2000; Pang et al., 2021). Integrating 

metabolomic data with other omics datasets and clinical information further enhances 

biological context, allowing correlations between metabolite levels and biological 

variables such as gene expression levels or clinical parameters. Finally, experimental 

validation through targeted metabolite quantification or functional assays confirms the 

biological relevance and significance of key findings. 
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Figure 1-10 NMR-based metabolomics workflow. 
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1.3.3 NMR Experiments 

One-dimensional (1D) 1H NOESY experiments and 1D 1H CPMG experiments are 

commonly used for NMR-based metabolomics. Additionally, 1D and two-dimensional 

(2D) total correlation spectroscopy (TOCSY) experiments can be used to aid in 

metabolite assignment. 

1.3.3.1 Solvent Suppression 

Solvent suppression is a common practice in NMR metabolomics, aimed at improving 

the detection of lower abundance metabolites and providing a smoother baseline for 

quantification (A.-H. Emwas et al., 2019). Water is ubiquitous in NMR metabolomics 

samples, such as serum/plasma metabolomics, where it is oen mixed with phosphate 

buffer, or in brain metabolomics, where lyophilised brain extract is rehydrated in 

phosphate buffer. Deuterated solvents (99.9% D) and water suppression techniques are 

employed to suppress the water signal. 

One of the simplest and most robust techniques for eliminating solvent signals is 

through presaturation of the solvent (Claridge, 2009; Hoult, 1976). is method involves 

the continuous application of weak radiofrequency irradiation at the solvent frequency 

before excitation and acquisition (Figure 1-11). It effectively saturates the solvent spins, 

making them undetectable during subsequent signal acquisition. Presaturation is 

straightforward to integrate into pulse sequences, such as NOESY and CPMG. 
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Figure 1-11 Pulse sequences commonly employed in metabolomics. (A) solvent 
presaturation. (B) 1D nuclear Overhauser effect spectroscopy (NOESY). (C) the Carr–Purcell–
Meiboom–Gill (CPMG) sequence. (D) A CPMG variant called periodic refocusing of J 
evolution by coherence transfer (CPMG-PROJECT). 

 

1.3.3.2 1D 1H NOESY experiment 

1D 1H nuclear Overhauser effect spectroscopy (NOESY) coupled with water 

presaturation stands out as a widely adopted technique in NMR-based metabolomics 

investigations, renowned for its efficacy in suppressing the water signal while preserving 

other distal water signals within the spectra (Mckay, 2011). is method uses three 90° 

pulses alongside a long presaturation pulse for water suppression (Figure 1-11). 

Additionally, gradient pulses are integrated in the sequence to purge residual water 

signals.  
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1.3.3.3 1D 1H CPMG-PROJECT experiment 

Serum and plasma are rich in proteins and lipids. ese macromolecules have broad 

NMR resonances that can overlap with and obscure the signals of small molecules, 

making quantification inaccurate. To address this issue, the Carr–Purcell–Meiboom–

Gill (CPMG) sequence is frequently employed, leveraging the substantial discrepancy 

in T2 relaxation times between small molecules and macromolecules to selectively filter 

out NMR signals originating from proteins and other biomolecules (Claridge, 2009). 

is sequence comprises a 90° pulse followed by a series of 180° pulses, generating spin 

echoes. Notably, signals originating from molecules with shorter T2 relaxation times 

(such as large molecules like proteins) decay more rapidly, and are consequently 

suppressed in the NMR spectra. Typically, this pulse sequence is complemented by 

presaturation to further suppress signals arising from water. 

A CPMG variant called periodic refocusing of J evolution by coherence transfer 

(PROJECT) has been introduced (Aguilar et al., 2011). is method uses perfect echoes 

to eliminate J modulation distortions (Aguilar et al., 2011), enabling more accurate 

integration and analysis of NMR signals. 

1.3.3.4 TOCSY experiment 

Total correlation spectroscopy (TOCSY) can aid in the identification and assignment of 

metabolites in NMR metabolomics. TOCSY relies on through-bond J-coupling, where 

magnetisation is transferred between coupled nuclei via J coupling interactions. is 

allows for the correlation of resonances belonging to the same spin system or molecule. 

In complex mixtures such as those encountered in metabolomics, NMR spectra can 

oen have overlapping signals, making it difficult to distinguish between different 

metabolites. TOCSY can help resolve these overlapping signals by revealing which 

resonances are correlated with each other. is correlation allows for the grouping of 

signals belonging to the same metabolite, aiding in their identification and assignment. 

Both 2D TOCSY and 1D selective TOCSY experiments are usually used for the above-
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mentioned purposes. 2D TOCSY provides detailed connectivity information for all the 

spin systems in the sample but requires longer acquisition times and may miss small 

signals. On the other hand, 1D selective TOCSY selectively excite the frequency of 

interest and identifies the resonances from the same spin system. It enables targeted 

investigation and can improve signal resolution by selectively exciting the desired 

protons.  

1.3.4 NMR Data Pre-processing 

Pre-processing is the transformation of raw data to make it appropriate for subsequent 

data analysis.  

1.3.4.1 Apodisation 

In the FID of NMR, the signal intensity gradually diminishes over the acquisition time, 

while the noise amplitude remains consistent. Emphasising the early part of the FID and 

de-emphasising the later part can improve the signal-to-noise ratio and reduce 

undesirable artifacts. is process, known as apodisation or line broadening, involves 

multiplying the FID by a mathematical function, commonly a decaying exponential 

function. For 1H NMR, a 0.3-0.5 Hz line broadening is typically used to enhance 

sensitivity without significantly compromising the line width (resolution).  

1.3.4.2 Zero-filling 

Zero-filling in NMR data processing involves appending zeros to the end of the FID 

signal. As the signal decays while noise remains constant, acquiring more data beyond 

a certain point adds little useful information. Zero-filling artificially enhances digital 

resolution by increasing the number of data points before Fourier transformation. 

Consequently, this results in more data points in the frequency domain, thereby 

improving spectral resolution and line shape definition without extra experimental time. 

1.3.4.3 Fourier Transformation 

e Fourier transform is a mathematical function which converts the time domain data 

(FID) into a frequency domain spectrum, given by: 



32 

𝑓𝑓(𝜔𝜔) = � 𝑓𝑓(𝑡𝑡)𝑒𝑒𝑖𝑖𝑖𝑖𝑖𝑖dt
+∞

−∞

 Equation 1-7 

It decomposes the complex time-domain signal into its component frequencies, 

revealing the underlying frequency components present in the signal (Figure 1-12). e 

resulting spectrum represents the distribution of resonant frequencies within the sample. 

 

Figure 1-12 Fourier transform converts time domain data (FID) to a frequency domain 
spectrum. 

1.3.4.4 Phase Correction 

Following Fourier transformation, spectral peaks oen show distortion owing to phase 

inconsistencies. To rectify these errors or variations and ensure accurate positioning and 

shapes of spectral peaks, phase correction (or phasing) is employed. Common phase 

correction methods include zero-order and first-order phase correction, which apply 

uniform or frequency-dependent phase adjustments to the spectrum, respectively (A.-

H. Emwas et al., 2018). Phase correction is typically performed visually, with 

adjustments made by eye to ensure that spectral peaks display symmetric, well-defined 

shapes with minimal distortion and baseline artifacts. 

1.3.4.5 Baseline Correction 

Baseline correction refers to the process of removing or adjusting the baseline 

distortions present in the NMR spectrum to improve spectral quality and facilitate 

accurate peak integration and analysis. ese distortions can stem from diverse sources 

such as instrumental noise, solvent signals, imperfect shimming, and phase 



33 

inconsistencies. Numerous baseline correction methods have been developed (A.-H. 

Emwas et al., 2018). One widely used technique is polynomial fitting, which involves 

fitting a polynomial function (usually a low-order polynomial) to the baseline regions 

of the spectrum and subtracting the fitted curve from the original spectrum. 

1.3.4.6 Axis Calibration 

Axis calibration in NMR data preprocessing refers to the adjustment or alignment of the 

spectral axes to ensure accurate representation of chemical shis or frequencies. is 

process typically involves referencing spectral peaks to known chemical standards or 

internal reference compounds with well-defined resonances. For example, plasma 

spectral peaks can be referenced to the lactate -CH3 doublet resonance at δ = 1.33 ppm. 

is ensures consistency and accuracy in the chemical shi measurements across 

different spectra. 

1.3.4.7 Bucketing 

Bucketing, or binning, refers to the process of dividing the spectral region into discrete 

intervals or "buckets" and integrating the area under the curve within each bucket. 

Bucketing can be performed in an automated manner or in a manual manner. 

Automated bucketing divides the spectra into fixed-width buckets. While this method 

automates the bucketing process, it risks splitting one peak into more than one bucket 

or more than one peak in one bucket. In contrast, manual bucketing allows tailoring the 

bucket boundaries to match the specific peaks and separate overlapping peaks that 

might be merged together using automated bucketing methods. is approach helps to 

enhance the signal-to-noise ratio for some regions, potentially improving the quality of 

subsequent analysis.  

1.3.5 Data Analysis 

1.3.5.1 Data Normalisation 

e primary objective of data normalisation in metabolomics is to minimise undesired 

technical and biological variance across samples (J. Sun & Xia, 2024; Zacharias et al., 
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2018). ese can arise from unspecific fluctuations in overall sample concentrations, 

differences in the number of scans or spectrometer performance. To address these 

variations, constant sum normalisation (CSN) and probabilistic quotient normalisation 

(PQN) are two commonly used normalisation methods. 

CSN, also referred to as integral normalisation, normalises each spectral integral (area 

under the curve in each spectral bucket) by the total sum of all spectral integrals within 

a sample. e underlying assumption of CSN is that the total spectral integrals or total 

metabolite concentrations remain constant across all samples in the dataset (J. Sun & 

Xia, 2024). However, CSN may not be optimal in situations where this assumption is 

strongly violated. For example, differences can be overlooked when there are substantial 

differences in overall metabolite levels between sample classes; quantification of other 

integrals may be biased in the presence of strong changes in large signals (Dieterle et al., 

2006). 

PQN operates under the assumption that the majority of signal intensities are influenced 

by dilution only, while some parts of the spectra reflect both biological factors and 

dilution (Dieterle et al., 2006). is method calculates a probable dilution factor 

between the sample spectrum and the reference spectrum, which is then applied to 

adjust the sample’s overall concentration. e algorithm of PQN starts with a CSN step, 

followed by the use of the median spectrum calculated from control samples as the 

reference spectrum. Quotients between the sample spectrum and the reference 

spectrum are then computed for all variables. e median quotient is identified as the 

most probable dilution factor for the sample. Subsequently, all variables in the sample 

are divided by this dilution factor. PQN is considered a more robust method compared 

to CSN, effectively minimising the impact of outliers (Dieterle et al., 2006). 

1.3.5.2 Data Transformation  

Data transformation might be necessary when data display characteristics such as 

skewness, heteroscedasticity, or nonlinearity (Zacharias et al., 2018). is need arises 

because numerous statistical tests and modelling techniques rely on the assumption of 
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normality or approximate normality in the data distribution. Log transformation is the 

most commonly used method to achieve these assumptions. 

1.3.5.3 Data Scaling 

NMR spectra oen contain signals of varying intensities. Scaling each variable by a 

scaling factor standardises the magnitude and accommodates for differences in fold 

change across variables, addressing heteroscedasticity (J. Sun & Xia, 2024). In 

metabolomic analysis, many statistical methods, such as principal component analysis 

(PCA) or partial least squares-discriminant analysis (PLS-DA), require variables to be 

on a similar scale to avoid biases where those with the largest variance dominate the 

results. Two commonly used scaling methods in metabolomics are autoscaling and 

Pareto scaling (Table 1-3).  

Table 1-3 Overview of autoscaling and pareto scaling. 

Method Definition Advantages Disadvantages 

Autoscaling 
(unit variance 
scaling) 

𝑦𝑦𝑖𝑖 =  
𝑥𝑥𝑖𝑖 − 𝑥𝑥�
𝜎𝜎

 
Equally weighting 
of all variables 

Tends to inflate the importance of 
small metabolites, which may contain 
measurement errors. 

Pareto scaling 
𝑦𝑦𝑖𝑖 =  

𝑥𝑥𝑖𝑖 − 𝑥𝑥�
√𝜎𝜎

 
Closer to the 
original 
measurement 

Sensitive to large fold changes. 

Summarised from (J. Sun & Xia, 2024; van den Berg et al., 2006). 𝑦𝑦𝑖𝑖: data aer centring. 𝜎𝜎: 
the estimated standard deviation. 

 

1.3.5.4 Unsupervised Multivariate Technique: Principal Component Analysis 

e size and complexity of metabolomic data necessitates the use of multivariate 

analysis. Unlike univariate analysis, which deals with a single variable (mean and 

variance) at a time, multivariate analysis considers also the relationships among 

variables simultaneously (Saccenti et al., 2014). is approach helps to uncover patterns, 

correlations, and groupings within the data (Figure 1-13). Multivariate analysis can be 

categorised into unsupervised methods and supervised methods, depending on 

whether the response variables (sample classification information) are used in the 
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statistic model building.  

 

Figure 1-13 Representative scores plot for PCA, PLS-DA and OPLS-DA from the same 
dataset. 

Unsupervised methods are typically used to explore and understand the inherent 

structure of the data, as they do not rely on sample classification information. PCA is 

probably the most widely used unsupervised method in metabolomics. It is a powerful 

technique used for dimensionality reduction and data visualisation. PCA works by 

transforming the original variables into a lower-dimensional space defined by 

orthogonal principal components, capturing the maximum variance in the data (Jolliffe, 

2005).  

e structure of a PCA model can be expressed as 

X = TPT + E Equation 1-8 

where X is the metabolite variable matrix, T is the principal component scores matrix, 

𝑃𝑃T is the transpose of the loading matrix, and E is the residual matrix containing the 
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unexplained variance (Wold et al., 1987).  

PCA can operate via eigenvalue decomposition (Figure 1-14). First, the dataset is pre-

processed by centring or scaling to ensure that it is mean-centred. Next, PCA calculates 

the covariance matrix of the mean-centred data, which provides information about the 

relationships and variability between variables. Eigenvalue decomposition (or singular 

value decomposition) is then performed on the covariance matrix, yielding a set of 

eigenvalues and eigenvectors. e eigenvalues represent the amount of variance 

explained by each principal component, while eigenvectors define the directions or axes 

of maximum variance in the data. PCA extracts a set of orthogonal principal 

components from the sorted eigenvectors sorted in descending order of their 

corresponding eigenvalues. Finally, the original data is projected onto the principal 

components to obtain new coordinates or scores for each observation in the lower-

dimensional space defined by principal components. e scores plot enables the 

identification of naturally occurring clusters and the detection of outliers within the data, 

while the corresponding loadings elucidate the significance of each variable in shaping 

the principal components.  

In practice, the non-linear iterative partial least squares (NIPALS) algorithm is 

commonly used for calculating the PCA model due to its computational efficiency, 

particularly when dealing with large metabolomic datasets. Compared to the eigenvalue 

decomposition method, NIPALS is a more efficient approach, allowing for early 

termination when the user determines that a sufficient number of components have 

been computed (Dunn, 2023). Typically, in metabolomic analysis, computing the initial 

principal components is adequate for extracting meaningful information from the data.  

Other unsupervised methods include K-means clustering, hierarchical clustering. ese 

are also valuable for exploring and understanding the inherent structure of the data.  
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Figure 1-14 Principal component analysis via eigenvalue decomposition. Figure reproduced 
from (Jiang, 2024) with kind permission from the author. 

 

1.3.5.5 Supervised Multivariate Technique: Orthogonal Partial Least Square 

Discriminant Analysis 

While unsupervised methods reduce dimensionality to enable better visualisation of the 

data structure in its natural state, supervised methods investigate deeper into differences 

between groups by leveraging labelled data to guide the analysis and identify features 

associated with specific outcomes or classes (Ren et al., 2015). is makes supervised 

methods widely applied in classification, predication, and biomarker discovery. 

Depending on whether the response variables are continuous or categorical, supervised 

methods can be adapted for regression or discriminant analysis.  

Partial least square discriminant analysis (PLS-DA), also known as projection to latent 

structures discriminant analysis, is a widely employed classification method in 

metabolomics (Wold et al., 2001). While PCA aims to retain as much variation by 

decomposing the X variable matrix into orthogonal latent components, PLS emphasises 

the relationship between Y response and X variable. PLS decomposes both the variable 
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X matrix and the response Y matrix in a way that the scores matrices T and U share 

maximum covariance while most effectively summarises X and Y (Worley & Powers, 

2013)(Figure 1-13): 

�X = T𝑃𝑃T + E
Y = UCT + G

 Equation 1-9 

where T and U are scores matrices, P and C are loading matrices, E and G are residual 

matrices. A common approach to calculate the PLS model is through the NIPALS 

algorithm, which iteratively decomposes both the variable X and response Y matrices 

into a smaller set of latent variables, updating them until capturing the maximum 

covariance between X and Y (Dunn, 2023).  

e importance of variables can be assessed through the loadings and variable 

importance in projection (VIP) scores (Debik, Sangermani, et al., 2022). Loadings 

represent the correlation coefficients between the original variables (X) and the 

components extracted by the PLS-DA model. VIP values quantify the importance of 

each variable in the PLS-DA model for class discrimination, with higher VIP values 

indicating greater contribution in classification. VIP values are commonly used for 

variable selection and feature ranking, allowing identification of the discriminatory 

variables for classification. 

Orthogonal partial least square (OPLS), or orthogonal projections to latent structures, 

is a modification of PLS (Trygg & Wold, 2002). Compared to PLS, OPLS separates an 

orthogonal part from X where the variation is uncorrelated to Y (i.e., orthogonal to Y): 

X = To𝑃𝑃oT + T𝑝𝑝𝑃𝑃𝑝𝑝T + E Equation 1-10 

where the subscript o denotes orthogonal, and the subscript p denotes predictive 

(Galindo-Prieto et al., 2015). OPLS reduces model complexity and improves model 

interpretability while preserving prediction ability (Trygg & Wold, 2002)(Figure 1-13). 

It is commonly used for binary classification tasks (e.g. control versus disease). 

Other widely used methods in metabolomics include random forest, and support vector 
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machine. While (O)PLS is favoured for its capability in handling data with high 

collinearity, random forest and support vector machine can capture non-linear 

relationships within the data (Debik, Sangermani, et al., 2022). However, Mendez et al 

found that non-linear machine learning methods do not, in general, improve the 

predictability compared to linear methods in binary classification (Mendez, Reinke, et 

al., 2019). ey also highlighted that the size of the dataset and the choice of 

performance metrics have a greater impact on overall predictive performance than the 

specific choice of machine learning algorithm (Mendez, Reinke, et al., 2019). Similarly, 

Vu et al evaluated the performance of five common classification algorithms (PLS, OPLS, 

principal component-linear discriminant analysis, support vector machine, and random 

forest), and reported comparable performance across these methods when applied to 

robust datasets (Vu et al., 2019). Notably, when the data contained subtle differences 

between classes, OPLS outperformed other methods, demonstrating its ability to 

identify key discriminant features with high classification accuracy (Vu et al., 2019). 

Conversely, Trainor et al reported better performance of support vector machine and 

random forest in both stimulated and real metabolomics datasets (Trainor et al., 2017). 

1.3.5.6 Model Assessment: Diagnostic Statistics, Cross Validation and 

Permutation Testing. 

Supervised methods are prone to overfitting, where the model captures noise in the 

training data, resulting in excellent performance on the training data but poor 

generalisability to new, unseen data. erefore, robust validation needs to be employed 

to assess the validity of the model, such as cross validation and permutation testing. 

Cross validation assesses how well a model will generalise to new, unseen data. It 

involves partitioning the available dataset into multiple subsets, where the model is 

trained on a subset of the data and evaluated on the remaining data. In one of the 

commonly used techniques, k-fold cross-validation, the dataset is first divided into k 

equal-sized folds. e model is then trained k times, with each iteration using k-1 folds 

for training and the remaining fold for validation. Performance metrics such as accuracy 
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or error rate are computed for each fold, and the average performance across all folds 

provides a robust estimate of model performance. 

For (O)PLS models or those involving parameter tuning, a double cross-validation 

approach is recommended (Debik, Sangermani, et al., 2022; Westerhuis et al., 2008) 

(Figure 1-15). is approach consists of an inner loop to optimise the number of latent 

variables (or orthogonal components) for PLS (or OPLS), and an outer loop to validate 

the final model's performance and assess its generalisability. 

 

Figure 1-15 Double cross validation for the (O)PLS model. Figure reused from (Debik, 
Sangermani, et al., 2022) with permission, published under CC-BY-NC. 

Several diagnostic metrics are used to assess the validity of (O)PLS models (Table 1-4). 

R2 and Q2 are commonly used during model optimisation, while more robust evaluation 

statistics for final model assessment include AUC, sensitivity, specificity, and accuracy 

calculated from external validation. However, it is important to note that a high Q2 value 

alone may not suffice to deem a model predictive (Golbraikh & Tropsha, 2002; Triba et 

al., 2014).  

Table 1-4 Diagnostic metrics for (O)PLS models. 

Metric Definition Formula 

𝑅𝑅𝑋𝑋2  Proportion of variation in 
the predictor variables (X-
variables) explained by the 

model. 

𝑅𝑅𝑋𝑋2 = 1 −
𝑅𝑅𝑅𝑅𝑅𝑅
𝑇𝑇𝑇𝑇𝑇𝑇

 

= 1 −
∑ (𝑥𝑥𝑖𝑖 − 𝑥𝑥�𝑖𝑖)2𝑖𝑖
∑ (𝑥𝑥𝑖𝑖 − 𝑥̅𝑥𝑖𝑖)2𝑖𝑖

 

𝑅𝑅𝑌𝑌2  Proportion of variation in 
the response variable (Y-
variable) explained by the 

model. 

𝑅𝑅𝑌𝑌2 = 1 −
𝑅𝑅𝑅𝑅𝑅𝑅
𝑇𝑇𝑇𝑇𝑇𝑇

 

= 1 −
∑ (𝑦𝑦𝑖𝑖 − 𝑦𝑦�𝑖𝑖)2𝑖𝑖
∑ (𝑦𝑦𝑖𝑖 − 𝑦𝑦�𝑖𝑖)2𝑖𝑖
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Metric Definition Formula 

𝑄𝑄2 Proportion of variation in 
the response variable that 

can be predicted by the 
model (calculated from the 

held-out data). 

𝑄𝑄2 = 1 −
𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃
𝑇𝑇𝑇𝑇𝑇𝑇

 

= 1 −
∑ (𝑦𝑦𝑖𝑖 − 𝑦𝑦�𝑖𝑖)2𝑖𝑖
∑ (𝑦𝑦𝑖𝑖 − 𝑦𝑦�𝑖𝑖)2𝑖𝑖

 

Sensitivity e ability of a test to detect 
a true positive. 

𝑇𝑇𝑇𝑇
𝑇𝑇𝑇𝑇 + 𝐹𝐹𝑁𝑁

 

Specificity e ability of a test to detect 
a true negative. 

𝑇𝑇𝑇𝑇
𝑇𝑇𝑇𝑇 + 𝐹𝐹𝑃𝑃

 

Accuracy e ability of a test to 
differentiate the patient and 

healthy cases correctly. 

𝑇𝑇𝑇𝑇 + 𝑇𝑇𝑇𝑇
𝑃𝑃 + 𝑁𝑁

 

Area under the curve (AUC) Measure of the 
discriminative power of the 

model in binary 
classification tasks. 

/ 

RSS, residual sum of squares (calculated from the training set). PRESS, Predicted Residual Sum 
of Squares (calculated from the test set). TSS, total sum of squares. TP, true positives. TN, true 
negatives. FP, false positives. FN, false negatives. P, positives. N, negatives. 

Permutation testing is oen performed complementary to cross validation to assess the 

significance of model performance under null conditions (random classification) 

(Westerhuis et al., 2008). e process involves permuting the class labels in the dataset, 

building models, recalculating the relevant metrics, and repeating this process typically 

thousands of times to create a null distribution. e observed metrics are then compared 

with the distribution of metrics obtained from the permuted data. If the observed value 

significantly differs from the values obtained by chance, it suggests a statistically 

significant relationship between the metabolite features and the outcome. 

Moreover, it is advisable for these models to undergo further validation using 

independent datasets acquired from other cohorts or different labs to assess their 

robustness and generalisability (Debik, Sangermani, et al., 2022; Taylor et al., 2008).  

1.3.5.7 Univariate Analysis 

Univariate analysis techniques, such as t test and analysis of variance (ANOVA), are 

complementary parts of metabolomic analysis alongside multivariate analysis. ey are 
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used to assess the statistical differences in metabolite abundance across groups, oen 

following multivariate model building to further investigate key contributors identified 

in the model. Additionally, univariate analysis can serve as a preliminary screening step 

for identifying variables possibly relevant to classification, using methods like fold 

change analysis, t-tests, and volcano plots for feature selection before building 

multivariate models, thus reducing computational burdens (Y. Chen et al., 2022). 

Given the typically large number of variables in metabolomic datasets, addressing Type 

I errors (false positives) is necessary during extensive hypothesis tests. Common 

methods for multiple comparison correction include the Benjamini and Hochberg 

method (also known as the false discovery rate or FDR method) (Benjamini & 

Hochberg, 1995) and the Bonferroni method (Abdi, 2007). While the FDR method 

controls FDR by controlling the expected proportion of false discoveries among rejected 

hypotheses, the Bonferroni method adjusts the significance threshold (alpha level) by 

dividing it by the number of comparisons to control the family-wise error rate (FWER) 

but oen considered overly conservative and less powerful. erefore, the FDR method 

is preferred in many scenarios due to its greater power in detecting true positives while 

controlling the rate of false discoveries. Nonetheless, despite correction for multiple 

comparisons being necessary in metabolomics studies to reduce the risk of false 

positives, it is noteworthy that it also increases the risk of false negatives (Saccenti et al., 

2014). 

1.4 Unmet Need for Biomarkers in Neurological Diseases 

1.4.1 Autoimmune Encephalitis  

Our lab has successfully used metabolomics to generate diagnostic and prognostic tests 

for several autoimmune diseases of the CNS, including NMOSD, MS and MOG 

antibody disease (Dickens et al., 2014; Jurynczyk et al., 2017; Probert et al., 2021; Yeo et 

al., 2019, 2021), as described in Section 1.2.3. Based on this work, this thesis investigates 

the potential of blood NMR metabolomics tests as a diagnostic tool for other 

autoimmune CNS diseases, including autoimmune encephalitis. 
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1.4.1.1 General 

Encephalitis, defined as brain inflammation associated with neurological dysfunction 

(Tunkel et al., 2008), presents diverse clinical manifestations due to its various 

aetiologies. ese symptoms include fever, changes in behaviour, personality, cognition 

and consciousness, as well as local neurological deficits, seizures, movement disorders, 

and autonomic instability (Alam et al., 2023). 

e estimated incidence of encephalitis in England is around 5-9 cases/100,000/year 

(Granerod et al., 2013), and a US study reports an inpatient mortality rate around 6% in 

a US study (Vora et al., 2014, pp. 1998–2010). Notably, the aetiology remains unspecified 

in 40-50% of cases. Encephalitis can arise from either infectious or autoimmune causes. 

Historically, infections were the primary known causes until the discovery of neuroglial 

surface autoantibodies (Uy et al., 2021). With increasing awareness and improved 

diagnostic capabilities, the detection of autoimmune encephalitis (AE) has risen, and its 

prevalence is now comparable to that of infectious encephalitis (Dubey et al., 2018; 

Gable et al., 2012). 

AE is defined as encephalitis associated with autoantibodies targeting self-antigens 

expressed in the central nervous system (Uy et al., 2021). ese autoantibodies fall into 

two categories: neuronal surface antibodies (NSAb) and intracellular antibodies. NSAb 

target extracellular epitopes of surface proteins, ion channels and receptors such as N-

methyl-D-aspartate receptor (NMDAR), contactin-associated protein-like 2 (CASPR2), 

leucine-rich glioma-inactivated 1 (LGI1), α-amino-3-hydroxy-5-methyl-4-

isoxazolepropionic acid receptor (AMPAR), and gamma-aminobutyric acid type B 

receptor (GABAbR), etc. In contrast, Intracellular antibodies are autoantibodies 

targeting intracellular antigens such as Hu (ANNA-1), glutamic acid decarboxylase 

(GAD), and Ma2, and are less prevalent in AE compared to NSAb (Lancaster, 2016). 

is classification holds clinical significance as it implies a difference in pathogenesis, 

treatment response, association with tumours, and prognoses (Bien et al., 2012; Kelley 

et al., 2017). 
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1.4.1.2 AE Associated with Intracellular Autoantibodies. 

Most subtypes of AE associated with intracellular autoantibodies are associated with 

tumours, oen termed paraneoplastic. For example, the study by Gultekin et al shows 

that 94% of anti-Hu AE patients have small-cell lung cancer and all anti-Ma2 AE 

patients have testicular tumours (Gultekin et al., 2000). Paraneoplastic AE arises when 

a robust immune response develops against the intracellular neuronal antigens 

ectopically expressed by tumour cells. Dendritic cells capture tumour-derived antigens, 

presenting them to activate CD4+ and CD8+ T cells. is activation allows the 

production of autoantibodies and T cells to target and partially control tumour growth. 

Furthermore, activated T cells gain the ability to cross the blood-brain barrier 

(Goverman, 2009).  

Neurons, particularly under inflammatory conditions, express major histocompatibility 

complex (MHC) class I molecules and can present intracellular peptides, making them 

susceptible to CD8+ (cytotoxic) T cell attack and causing neuronal damage and related 

AE manifestations (Pignolet et al., 2013). Cytotoxic T cell mechanisms are believed to 

underlie the pathogenesis of this type of AE (Bien et al., 2012). e presence of 

intracellular autoantibodies is incidental to the autoimmune response and are not 

considered pathogenic since they cannot access intracellular antigens. However, they 

can serve as reliable biomarkers for the paraneoplastic neurological syndromes and 

cancer (Graus & Dalmau, 2019). is explains why this type of AE oen carries a poor 

prognosis, as it is linked to irreversible neuronal damage, concurrent cancers, and the 

difficulty of managing such immune responses (Lancaster, 2016).  

1.4.1.3 AE Associated with NSAb 

Many of most common subtypes of AE involves NSAb. ese antibodies oen target key 

synaptic proteins, ion channels or receptors. NSAb are considered pathogenic because 

they can bind directly to exposed, extracellular targeted antigens. is binding can lead 

to decreased receptor density due to receptor internalisation, inhibition of receptor 

signalling by blocking ligand binding sites, disruption of protein-protein binding, and 
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neuronal injury from complement activation and inflammation (Gill & Venkatesan, 

2022). e neuronal dysfunction in AE associated with NSAb is less severe and oen 

reversible, compared to the neuronal damage caused by the cytotoxic T cell mechanism 

in AE associated with intracellular antibodies. is type of AE responds well to 

immunotherapies, and are less commonly associated with cancer (H. Abboud et al., 

2021b). 

Neuronal surface autoantibodies can arise in tumour-associated (paraneoplastic) or 

infectious contexts, particularly aer viral encephalitis. (Gill & Venkatesan, 2022). e 

tumour-associated scenario has been described in the previous section. Viral infection 

can induce the generation of neuronal self-antigens through direct neuronal injury and 

subsequent release of the antigen or molecular mimicry where similarities between viral 

and self-antigens results in cross-activation of autoreactive T or B cells (Oldstone, 2014). 

Specifically, antigens are trafficked to regional lymph nodes via antigen presenting cells, 

where the processed antigen and CD4+ T cells stimulate B cells to differentiate into 

antibody-producing plasma cells and memory B cells. Peripherally produced 

autoantibodies can, in some instances, cross the BBB, particularly during BBB 

dysfunction caused by factors such as stress, trauma, infection and inflammation 

(Diamond et al., 2013). ough it is not known whether antibodies are produced in the 

CNS as well, memory B cells may infiltrate the CNS (Jain & Yong, 2022), where they can 

undergo restimulation with neuronal antigens and subsequent differentiation into CNS-

resident plasma cells. is could result in local CNS production of high-affinity 

autoantibodies targeting self-neuronal antigens. Once within the CNS, these 

autoantibodies can bind their antigen targets on the surface neurons, resulting in 

neuronal dysfunction (Dalmau, 2016; Gill & Venkatesan, 2022). Additionally, emerging 

data suggests the involvement of defective B cell tolerance in autoantibody production 

in NSAb-mediated diseases (Prüss, 2021; B. Sun et al., 2020). 

1.4.1.3.1 NMDAR 

Anti-NMDAR encephalitis is the most common type of AE, surpassing even the 
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prevalence of viral encephalitis among young individuals (Gable et al., 2012). It was first 

reported by in 2007, sparking extensive studies in this field (Dalmau et al., 2007). Anti-

NMDAR encephalitis predominantly affects young women, with a median age of 22 

years, and 80% of cases occur in women (Titulaer et al., 2013). Around 50% of young 

female patients have an underlying ovarian teratoma, while this association with 

tumours is much less frequent (6%) in men and children (Titulaer et al., 2013). Tumours 

and herpes simplex encephalitis are two identified triggers for anti-NMDAR 

encephalitis, although in half of the cases no specific triggers are identified (Dalmau et 

al., 2017).  

e NMDAR is a multi-subunit glutamate (and glycine) receptor, primarily functioning 

as a calcium channel crucial for regulating fast excitatory glutamatergic 

neurotransmission. IgG antibodies against NMDAR’s GluN1 subunit lead to the 

crosslinking of NMDARs and disruption of their interaction with the EphB2 receptor, 

resulting in receptor internalisation and subsequent lysosomal degradation (Ladépêche 

et al., 2018).  

Anti-NMDAR encephalitis has a characterised progression of symptoms, beginning 

with viral-like prodrome such as fever, headaches. is is followed by psychiatric 

symptoms such as psychosis, agitation, hallucinations, and mania (Al-Diwani et al., 

2019). As the condition advances, temporal lobe dysfunction emerges, leading to 

symptoms like amnesia and seizures. Eventually, the disease progresses to severe 

neurological impairments, including autonomic dysfunction, abnormal muscle 

movements, and profound cognitive decline (Dalmau et al., 2011). Nonetheless, early 

diagnosis and treatment of anti-NMDAR encephalitis oen lead to a favourable 

prognosis, restoring patients to their baseline functional status (Dalmau et al., 2011). 

1.4.1.3.2 VGKC, LGI1 and CASPR2 

e voltage-gated potassium channel (VGKC) is a transmembrane channel specific for 

potassium, crucial for restoring neuronal resting potential. Antibodies against VGKC 

were firstly described in patients with neuromyotonia, then Morvan's syndrome, and 
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limbic encephalitis, where patients tested positive for VGKC antibodies using 

radioimmunoassay (RIA) (Shillito et al., 1995; Barber et al., 2000; Buckley et al., 2001). 

However, subsequent studies have demonstrated that these antibodies targeted 

associated proteins in the complex, notably leucine-rich glioma-inactivated1 (LGI1) and 

contactin-associated protein-like 2 (Caspr2), rather than VGKCs themselves (Figure 

1-16) (Irani, Alexander, et al., 2010a; M. Lai et al., 2010). is distinction led to the 

identification of three VGKC-positive subgroups: anti-LGI1 patients, anti-CASPR2 

patients, and VGKC-positive patients lacking both antibodies (van Sonderen, Schreurs, 

Wirtz, et al., 2016). 

 

Figure 1-16 schematic of VGKC complex proteins. 

LGI1 plays an important role in synaptic regulation through interacting with both 

presynaptic and postsynaptic proteins (Fels et al., 2021). Mutations in LGI1 have been 

found to cause autosomal-dominant partial epilepsy with auditory features in humans 

(Kalachikov et al., 2002). Anti-LGI1 encephalitis typically affects elder males, with a 

median age of onset around 60 years and around 67% of cases occurring in males (Irani, 

Alexander, et al., 2010a). Most patients present with limbic encephalitis, characterised 

by cognitive impairment, seizures, sleep disturbance, psychiatric and behavioural 

disorders. Around 60% of cases have faciobrachial dystonic seizures (FBDS), which are 

highly characteristic of anti-LGI1 encephalitis. Tumours are rarely associated with LGI1 

encephalitis (Irani, Alexander, et al., 2010a). 

CASPR2 facilitates the clustering and development of potassium channels, contributing 

to axon formation (L. Wu et al., 2023). Mutations in its encoded gene CNTNAP2 are 
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associated with schizophrenia and epilepsy (Friedman et al., 2008). Around 90% of 

patients are male, with a median age at onset around 65 years (van Sonderen, Ariño, et 

al., 2016). 42% patients developed limbic encephalitis, 29% patients had Morvan’s 

syndrome, 13% patients had peripheral nerve hyperexcitability (van Sonderen, Ariño, 

et al., 2016). Common symptoms include cognitive decline, seizures, neuropathic pain. 

19% cases have associated tumour such as thymomas (van Sonderen, Ariño, et al., 2016). 

VGKC antibodies double negative to LGI1 and CASPR2 comprise around 85% of 

VGKC-positive results, and are considered to be non-pathogenic (Michael et al., 2020). 

It is shown that double-negative serum IgG did not bind to surface determinants on live 

hippocampal neurons or the extracellular domain of HEK293T cell surface-expressed 

VGKC (B. Lang et al., 2017). On the other hand, around 1/3 of these antibodies bound 

to intracellular aspects of the VGKC subunits, and some bind to the I125-α-dendrotoxin 

(α-DTX) used in the VGKC radioimmunoassay (Michael et al., 2020). 

e clinical significance of double-negative VGKC positivity is uncertain. Patients with 

double-negative VGKC antibodies have heterogeneous clinical syndromes and poor 

response to immunotherapy. Syndromes include epilepsy, pain, cognitive decline, 

peripheral neuropathy, etc (B. Lang et al., 2017; Olberg et al., 2013; van Sonderen, 

Schreurs, de Bruijn, et al., 2016). e immunotherapy response observed in 27% of 

double-negative patients is considered similar to the placebo response rates observed in 

other neurological diseases, and is much lower than those reported in LGI1 or CASPR2 

AE (B. Lang et al., 2017). Furthermore, VGKC antibodies are relatively frequently 

detected in healthy controls and well-selected disease controls, with a prevalence of 

about 5%, whereas the average prevalence of most NSAb is much lower, at 0.23% (K. 

Lang & Prüss, 2017).  

1.4.1.4 Diagnosis 

e diagnosis of AE relies on clinical symptoms, MRI, electroencephalogram (EEG), 

CSF studies and autoantibody testing. Suspicions of AE are based on clinical syndromes, 

such as subacute onset of cognitive, epileptic, and/or psychiatric symptoms (Graus et al., 
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2016). Suspected cases undergo further evaluation through neuroimaging, EEG, CSF 

analysis and autoantibody testing to confirm the diagnosis (Hébert et al., 2022).  

MRI can reveal hyperintensities or abnormal signals in specific brain regions, aiding in 

the differentiation of AE from other conditions. For instance, the mesial temporal lobes 

are characteristic of limbic encephalitis, which is also a common AE presentation. 75% 

of cases of anti-LGI1 encephalitis show mesial temporal lobe abnormalities (Muñiz-

Castrillo et al., 2021), whereas neuroimaging can be normal in about 80% of cases of 

anti-NMDAR encephalitis (Kelley et al., 2017). Moreover, distinctive MRI scans have 

been identified for AE with autoantibodies to GABAAR (Deng et al., 2022). 

EEG provides real-time information about brain electrical activity. Over 90% of anti-

NMDAR encephalitis show abnormal EEG results, with some patients having a unique 

electrographic pattern called “extreme delta brush” (Schmitt et al., 2012; Sonderen et al., 

2018). Additionally, two EEG patterns unique to anti-LGI1 encephalitis can be 

diagnostic (Steriade et al., 2016; Wennberg et al., 2018). 

CSF analysis can reveal elevated levels of inflammatory markers such as CSF leukocyte 

count, protein concentration, and the presence oligoclonal bands (indicative of 

intrathecal IgG synthesis). CSF findings vary among different AE subtypes. AE 

associated with NMDAR, GABAbR and AMPAR show more frequent inflammatory 

CSF changes, whereas these can be absent in AE subtypes such as anti-CASPR2, LGI1, 

GABAAR, and GlyR AE (Blinder & Lewerenz, 2019).  

Autoantibody detection provides a definite diagnosis of AE by identifying the specific 

subtype of disease-associated autoantibodies. In clinical practice, two principles guide 

autoantibody testing for AE: prompt initiation of treatment before receiving test results, 

and comprehensive testing for all autoantibodies in both serum and CSF (Hébert et al., 

2022). For undifferentiated AE presentations, using multiple assays to test both serum 

and CSF is recommended, as discrepancies between serum and CSF autoantibody 

positivity have been observed in some subtypes. For example, patients of anti-NMDAR 

encephalitis are more likely to have anti-NMDAR autoantibody detected in their CSF, 
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with 15% of cases showing negative serum results (Titulaer et al., 2013). In contrast, 22% 

of patients with anti-LGI1 encephalitis show serum positivity exclusively (Muñiz-

Castrillo et al., 2021).  

Immunohistochemistry and cell-based assay (CBA) are commonly used for antibody 

testing in AE. Immunohistochemistry involves staining rat brain section incubated with 

patient serum or CSF to detect binding of autoantibodies to their target antigens within 

the tissue. It can be used as an initial screening method due to its ability to detect all 

possible antigens available. Additionally, immunohistochemistry assesses different 

brain regions and provides specific staining patterns, which may be unique to a specific 

AE subtype. CBA can be used to further confirm the specific target of autoantibodies. 

CBA involves incubating patient serum or CSF on transfected cells expressing a 

recombinant antigen, and detecting the binding of autoantibodies using indirect 

immunofluorescence (van Coevorden-Hameete et al., 2016). Live CBA has been found 

to be more sensitive as the recombinant antigen mimic the in vivo status, while fixed 

CBA may alter the conformation of the antigen. Studies have shown that despite being 

commercially available and quick to perform, fixed CBAs tend to yield false negative 

results, especially for LGI1 and CASPR2 (McCracken et al., 2017; Ruiz-García et al., 

2021). Commercial fixed CBA missed 12% of true positives, including around 30% 

LGI1 and CASPR2 positives (McCracken et al., 2017). Additional in-house CBA and 

brain immunohistochemistry should be performed when evaluating negative results 

from commercial CBA with a strong suspicion of AE. Immunohistochemistry and CBA 

should be performed in parallel to achieve the highest sensitivity and specificity (van 

Coevorden-Hameete et al., 2016).  

1.4.1.5 Treatment  

Treatment for AE is oen initiated prior to receiving antibody test results due to the 

time required for testing and the benefits associated with early intervention. Early 

treatment has been linked to improved long-term functional and cognitive outcomes 

(Balu et al., 2019; Hébert et al., 2018). Primary treatments include immunotherapies 
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and, when applicable, the removal of the immunologic trigger such as tumour resection 

(Dalmau & Graus, 2018). 

First-line immunotherapies typically involve the use of steroids, intravenous 

immunoglobulin (IVIg), and/or plasma exchange (PLEX) (H. Abboud et al., 2021a). If 

symptoms persist or worsen, second-line immunotherapies such as rituximab and 

cyclophosphamide may be administered. Cyclophosphamide functions by inhibiting 

the proliferation of immune cells, including T cells and B cells, while rituximab targets 

CD20 antigens on B cells, leading to B cell depletion. However, for AE associated with 

intracellular autoantibodies, response to immunotherapies is oen suboptimal due to 

involvement of cytotoxic T cell responses and paraneoplastic mechanisms. 

In AE cases linked to tumours, prompt tumour treatment is essential for achieving 

favourable short-term and long-term outcomes (Dai et al., 2019; Hébert et al., 2018; 

Titulaer et al., 2013). Furthermore, cancer screening can be performed in long-term 

management, guided by the antibody test results, to detect and monitor for the presence 

of associated tumours. is allows for early intervention and improved patient outcomes. 

(Hébert et al., 2022). 

1.4.1.6 Unmet Need for Biomarkers in AE 

Timely diagnosis and initiation of immunotherapies are crucial for optimal prognosis 

in AE (Nosadini et al., 2021; ompson et al., 2018). e diagnosis of AE typically 

involves a combination of clinical features, laboratory antibody tests and imaging 

(Dalmau & Graus, 2018; Flanagan et al., 2023; Nosadini et al., 2021; Smith et al., 2021; 

Steriade et al., 2020a; ompson et al., 2018; Van Steenhoven et al., 2023). While the 

detection of NSAb is a valuable tool, it can be expensive, laborious, and time-sensitive, 

potentially delaying treatment initiation. Moreover, false positive antibody test results 

can harm patient care (Flanagan et al., 2023), and many seronegative cases exist, 

meaning negative test results do not exclude AE (Lee & Lee, 2016). erefore, further 

adjunctive diagnostics are valuable for AE patients, as they can also guide therapy and 

prognosis. Currently, no robust stratifying biomarkers exist for AE.  
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1.4.2 Autoimmune Psychosis 

It has become clear that some individuals with psychosis may have an autoimmune 

signature (Pouget et al., 2019; Ripke et al., 2014), and, surprisingly, autoantibodies 

against the same neuronal cell surface targets have been found in some patients with 

psychosis, which are common to those found in AE (Lennox et al., 2017). us, in the 

context of psychosis, adjunct diagnostic tools to differentiate psychosis with an 

autoimmune bases are also needed to enable timely and targeted interventions for 

improved outcomes. For this reason, this thesis also examines the potential of blood 

NMR metabolomics to identify psychosis patients with NSAb. 

1.4.2.1 Psychosis 

Psychosis is a mental disorder characterised by a disconnection from reality, leading to 

symptoms such as hallucinations, delusions, and impaired thought processes 

(Arciniegas, 2015). Psychosis can manifest in primary psychotic disorders, such as 

schizophrenia spectrum disorders, and secondary psychotic disorders, which can result 

from neurological conditions like Alzheimer disease, traumatic brain injury, or anti-

NMDAR encephalitis (Arciniegas, 2015). 

1.4.2.2 Autoimmune Psychosis: Distinct, Mild Form of Autoimmune Encephalitis 

Patients with AE typically develop clear neurological symptoms such as seizures, 

movement disorders, and cognitive dysfunction, in addition to psychiatric symptoms 

(Dalmau & Graus, 2018). However, there is growing recognition of cases with isolated 

psychotic presentations (with no or minimal neurological features), testing positive for 

neuronal antibodies and responsive to immunotherapy. is phenomenon is 

predominantly observed with anti-NMDAR encephalitis due to its strong association 

with psychiatric features (Al-Diwani et al., 2019). In fact, 77% (395/515) of patients with 

anti-NMDAR encephalitis initially present with psychiatric symptoms (Sarkis et al., 

2019). Another study shows that 4% (23/571) of patients with anti-NMDAR encephalitis 

have isolated psychiatric symptoms on initial presentation or relapse (Kayser et al., 
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2013). ese psychiatric symptoms at the onset of anti-NMDAR encephalitis can 

resemble those seen in primary psychiatric disorders like schizophrenia, leading to 

potential misdiagnosis. A study in the Netherlands found that 80% (12/15) of patients 

with anti-NMDAR encephalitis presented with prominent psychiatric symptoms and 

53% (8/15) were initially referred to a psychiatric service (Maat et al., 2013). In such 

cases, psychotropic medications are oen ineffective, whereas early intervention or 

tumour removal has shown better outcomes. 

e prevalence of NMDAR antibodies varies across studies, influenced by differences in 

IgG subclasses included, testing methods, and threshold for antibody positivity (Cullen 

et al., 2021). Nonetheless, when limited to studies using live cell-based assay (which are 

more sensitive than fixed cell-based assay), NMDAR seropositivity is found to be more 

common in psychosis patients compared to controls (OR of 4.43 [95% CI 1.7 to 11.36]) 

(Cullen et al., 2021). When considering NSAb in psychotic disorders, about 9% of first-

episode psychosis patients have serum NSAb, compared to 4% in healthy controls 

(Lennox et al., 2017). Another study in Australia identified NSAb in 5% (6 out 113) of 

first-episode psychosis patients, all of whom responded to immunotherapy, highlighting 

the importance of early diagnosis and treatment for optimal recovery (Scott et al., 2018).  

Cases with isolated psychotic presentations, NSAb positivity, and responsiveness to 

immunotherapy are considered possibly incomplete or forme fruste cases of AE with 

dominant psychotic features, sometimes referred to as mild encephalitis or autoimmune 

psychosis (Najjar et al., 2018). Leading international psychiatrists have reached a 

consensus advocating for the term “autoimmune psychosis” for this subtype, arguing 

that it is sufficiently distinct from typical AE (Pollak et al., 2020).  

By establishing guidelines for identifying psychosis of autoimmune origin in psychiatric 

practice, the consensus aims to assist psychiatrists in better distinguishing between 

classic psychosis and autoimmune psychosis. Furthermore, it seeks to raise awareness 

among psychiatrist regarding autoimmune psychosis, emphasising the importance of 

conducting appropriate neurological workups, such as neuroimaging, EEG and CSF 
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analysis to avoid delays in diagnosis and appropriate treatment in psychiatric clinics 

(Najjar et al., 2018; Pollak et al., 2020). With increasing awareness of autoimmune 

psychosis, the consensus also aims to prevent overdiagnosis and inappropriate 

immunotherapy. According to the criteria, a positive serum autoantibody alone is 

insufficient for diagnosing probable autoimmune psychosis. Patients with acute 

psychosis and a positive serum autoantibody must also have at least one red flag 

symptom and additional paraclinical evidence, such as EEG or CSF indications of CNS 

inflammation, to meet this relatively conservative diagnostic criteria and minimise the 

risk of misdiagnosis (Pollak et al., 2020).  

1.4.2.3 Positive and Negative Syndrome Scale 

e Positive and Negative Syndrome Scale (PANSS) is a widely used clinical tool for 

measuring symptom severity in individuals with schizophrenia and other psychotic 

disorders (Kay et al., 1987). Developed by Kay, Fiszbein, and Opler in 1987, PANSS 

provides a detailed assessment of a broad range of symptoms through a structured 

interview process, resulting in a comprehensive profile of the patient's psychopathology. 

e scale consists of 30 items categorised into three subscales: positive symptoms, 

negative symptoms, and general psychopathology. Positive symptoms, such as delusions 

and hallucinations, represent an excess or distortion of normal functions. Negative 

symptoms, such as blunted affect and social withdrawal, indicate a reduction or loss of 

normal functions. e general psychopathology subscale encompasses a variety of 

symptoms including anxiety, depression, and cognitive impairment. Each item is rated 

on a scale from 1 (absent) to 7 (extreme), allowing clinicians to quantify the severity of 

symptoms and track changes over time. PANSS is considered a gold standard in 

psychosis research and clinical practice due to its reliability, validity, and sensitivity to 

treatment effects, making it an essential tool for both diagnosis and longitudinal 

assessment (Furukawa et al., 2015; Kay et al., 1988). 

1.4.2.4 Unmet Need for biomarkers in Autoimmune Psychosis 

Distinguishing autoimmune psychosis from primary psychotic disorders may help to 
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expedite immunotherapies in these patients. However, this task poses a significant 

challenge due to the symptomatic overlap between autoimmune psychosis and primary 

psychosis. Similar to diagnosing AE, diagnosing autoimmune psychosis requires a 

comprehensive assessment including clinical evaluation, serum and CSF antibody tests, 

EEG, MRI, and CSF analysis (Pollak et al., 2020). Unfortunately, access to these 

diagnostic tools may be limited in some psychiatric settings, leading to potential delays 

in diagnosis and treatment initiation. 

Currently, there is no biochemical test capable of accurately identifying psychosis 

stemming from an underlying inflammatory cause or autoimmune cause. Developing 

such a test would be an important step towards identifying who might require different 

treatments and have improved outcomes. Addressing this unmet need for reliable 

biomarkers in autoimmune psychosis is imperative for optimising patient care and 

management strategies in psychiatric practice. 

1.5 Unmet Need for Method Development in Metabolomics  

To enable the translation of NMR metabolomics into clinical practice, a key challenge 

lies in preserving metabolite integrity in samples, which can be compromised by 

preanalytical factors such as variations in blood collection tubes, delays in erythrocyte 

separation, and delays in NMR measurement. ese preanalytical variations can 

obscure true metabolic differences between groups, potentially undermining diagnostic 

accuracy. erefore, it is crucial to systematically analyse and mitigate these variations 

to ensure reliable metabolomics results. is thesis addresses this challenge by 

investigating the impact of these preanalytical factors on NMR blood metabolomics and 

optimising protocols to minimise their effects. 

1.5.1 Preanalytical Factors Affecting Serum Metabolite Integrity. 

Metabolomic analysis provides a snapshot of the metabolites present in a sample at a 

given time, ideally reflecting the in vivo levels closely. However, metabolic profiles can 

be significantly altered from the point of sample collection to metabolite measurement. 
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For instance, a blood sample undergoes several stages, including blood collection, blood 

processing, serum or plasma storage, and sample preparation (Figure 1-17). During 

these processes, various factors can affect metabolic profiles. e type of blood 

collection tube used can introduce specific additives. Pre-processing delays, i.e. the time 

between blood collection and centrifugation, can alter metabolite profile due to ongoing 

cellular metabolism. Post-processing delays, occurring between centrifugation and 

sample storage or between sample preparation and metabolite measurement, can also 

result in changes due to enzymatic activity or chemical instability.  

It is important to understand the impact of these factors on metabolic profiles and 

control them to minimise their effects, ensuring the measured metabolites accurately 

reflect the in vivo state. By minimising alterations due to preanalytical factors, more 

reliable metabolomic data can be obtained, leading to more accurate interpretations.  

 

Figure 1-17 Pre-analytical factors in serum/plasma metabolomics. 
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1.5.1.1 Type of Blood Collection Tubes 

Both plasma and serum are commonly collected in clinical research and used in 

metabolomics studies. Plasma is obtained by adding anticoagulants to prevent clotting, 

followed by centrifugation to separate it from the cellular components. On the other 

hand, serum is the clear fluid that remains aer blood has been allowed to clot and then 

centrifuged to remove the clot and cellular components. ey are collected from 

different types of blood tubes. Table 1-5 lists the most commonly used blood collection 

tubes. 

e most frequently used anticoagulants in plasma tubes are heparin, citrate, 

ethylenediaminetetraacetic acid (EDTA), and fluoride oxalate, each with specific 

properties and applications. ese anticoagulants prevent clotting through different 

mechanisms: heparin inhibits thrombin formation, while citrate, EDTA, and oxalate 

bind calcium ions to prevent coagulation. EDTA, which preserves cell morphology and 

inhibits platelet aggregation, is commonly used in haematology tests. Citrate tubes are 

primarily used for coagulation studies because the binding between citrate and calcium 

is reversible, allowing for the study of coagulation under controlled conditions. Sodium 

fluoride in fluoride oxalate tubes acts as an antiglycolytic agent, inhibiting enolase in the 

glycolytic pathway, preserving the stability of glucose and lactate for accurate 

measurement. 

Several MS-based studies have found that many metabolites with higher concentrations 

in serum compared to plasma. (Nishiumi et al., 2018; Paglia et al., 2018; Yu et al., 2011). 

is could be explained by the volume displacement effect, where the coagulation causes 

a reduction in volume, leading to the concentration of metabolites (Ball & Sadusk, 1936; 

Kronenberg et al., 1998). erefore, serum may provide higher sensitivity for biomarker 

discovery studies than plasma (Paglia et al., 2018). On the other hand, plasma offers 

quicker and simpler processing as it does not require exposure to room temperature for 

clotting, keeping platelets in a quiescent state and avoiding potentially variable clotting 

processes (Lehmann, 2015).  
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Generally, the different additives or the use of different blood tubes were found to have 

a minor effect on metabolites (Bervoets et al., 2015; Denery et al., 2011; Pinto et al., 

2014a). Metabolite differences between serum and plasma samples were mainly related 

to small peptides reflecting the presence or absence of coagulation (Barri & Dragsted, 

2013; Pinto et al., 2014a). Small metabolite differences across plasma tubes were noticed, 

primarily caused by ion suppression or enhancement caused by citrate and EDTA (Barri 

& Dragsted, 2013). 

EDTA, citrate, and acid citrate dextrose (ACD) generates prominent peaks in 1H NMR 

spectra. ey can interfere with the detection of certain metabolites when their signals 

overlap with the metabolite signals. However, some metabolites may have other 

unobscured peaks allowing for quantification, so the use of these anticoagulants does 

not forbid the samples being used for metabolic profiling with NMR (Barton et al., 2009). 

e differences across these plasma samples are mainly due to the interfering peaks from 

the anticoagulant rather than endogenous metabolites being altered by the 

anticoagulants (Sotelo-Orozco et al., 2021a).  

Currently, there is no definitive conclusion on the best type of blood collection tube for 

metabolomics. e choice of blood tube should be based on the aim and design of the 

study. An appropriate selection should be compatible with the analytical techniques 

used, avoid introducing contaminants that could interfere with metabolite detection, 

and best preserve the metabolites. Consistent use of the same type of blood tube from 

the same manufacturer throughout the study is important to minimise variability. 

Table 1-5 Common types of blood collection tubes 

Tube Cap 
Colour 

Additive Function of 
Additive 

Use 

Red Spray-coated silica Activates and 
accelerates clotting 
of the specimen 

Serum determinations in 
chemistry, serology, and 
immunohematology 

Gold Spray-coated silica 
and a polymer gel 

Silica activates and 
accelerates clotting; 
gel forms a barrier 
between clot and 

Serum determinations in 
chemistry 
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Tube Cap 
Colour 

Additive Function of 
Additive 

Use 

serum aer 
centrifugation 

Light Green Spray-coated 
lithium heparin and 
gel 

Prevents clotting by 
inhibiting 
thrombin and 
thromboplastin 

Plasma determinations in 
chemistry 

Dark Green Spray-coated 
lithium heparin 

Prevents clotting by 
inhibiting 
thrombin and 
thromboplastin 

Plasma determinations in 
chemistry 

Purple Spray-coated 
K2EDTA 

Prevents clotting by 
binding calcium 

Whole blood haematology 
determinations and 
immunohematology testing 

Gray Fluoride oxalate Fluoride inhibits 
glycolysis; oxalate 
prevents clotting by 
precipitating 
calcium 

Glucose, lactate 
determinations 

Blue 3.2% buffered 
sodium citrate 
solution 

Prevents blood 
from clotting by 
binding calcium 

Routine coagulation studies 

Table summarised from the BD Vacutainer Tube Guide.  

1.5.1.2 Pre-processing 

Aer blood collection, blood samples need to be spun to obtain the serum or plasma. 

However, delays are common in clinical situations, and large-scale studies. During these 

delays, the cellular activity of blood cells can continue to alter the metabolome. When 

mature erythrocytes are removed from circulation, they experience disruptions in 

glycolytic flow, leading to accumulation of lactate, and upstream metabolic 

intermediates, including fructose-1,6-diphosphate, glyceraldehyde-3-phosphate, and 

dihydroxyacetone phosphate (Tilton et al., 1991). 

Many studies have found that glycolysis-related metabolites were among the most labile 

and affected by prolonged pre-processing delays (Bervoets et al., 2015; Fliniaux et al., 

2011a; Kamlage et al., 2014, 2018a; Santos Ferreira et al., 2019a; Teahan et al., 2006) For 



61 

example, a MS-based study found that prolonged delays in blood pre-processing at 

room temperature (6 hours versus 30 minutes) affect 24% of serum metabolites (54/225) 

with large alterations in taurine, glucose, and lactate (Kamlage et al., 2018a). Fewer 

metabolites were affected when using NMR analysis, with alterations observed in 

glucose, lactate, pyruvate, acetate, histidine and diacylglycerol (Santos Ferreira et al., 

2019b). ese metabolic alterations are slowed down at cold temperatures (Kamlage et 

al., 2014; Nishiumi et al., 2018; Teahan et al., 2006).  

Glycolysis related metabolites are important biomarkers in some diseases, particularly 

in cancer, where low glucose and high lactate levels indicate enhanced glycolysis due to 

Warburg effect (Larkin et al., 2022a; Vander Heiden et al., 2009). Ideally, metabolite 

concentrations measured by metabolomic platforms should closely reflect their in vivo 

level. erefore, it is important to minimise the alterations caused by delays in blood 

pre-processing. In multi-site, large-scale studies where immediate centrifugation may 

be challenging, it is essential to strictly control the time interval between blood 

collection and centrifugation to reduce variability derived from pre-processing. When 

plausible, storage of blood samples at cold temperatures (4 °C) should be implemented.  

1.5.1.3 Post-processing 

Studies have found that ongoing metabolic changes still occur aer erythrocyte 

separation, likely due to enzymes secreted or released upon cell damage before 

centrifugation (D. Chen et al., 2023). However, the alterations caused by prolonged post-

processing delays are less pronounced than those occurring during pre-processing 

delays (Santos Ferreira et al., 2019b). e number of metabolites affected by the post-

processing and the extent of their alteration depend on the length of the delay and the 

temperature. (Anton et al., 2015a; Kamlage et al., 2014; Moriya et al., 2016; Santos 

Ferreira et al., 2019a).  

Short post-processing delays of up to 2 hours at room temperature resulted in minimal 

changes to metabolite concentrations (Kamlage et al., 2014; Moriya et al., 2016). A 12-

hour delay at room temperature leads to more profound alterations than a 1-week delay 
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at 4 °C (Moriya et al., 2016). A MS-based metabolomics study has found that 19% 

(24/127) metabolites show significant linear alterations over time due to post-processing 

delays, mostly involving amino acids and phosphatidylcholines (Anton et al., 2015a). 

e increase in amino acids is inferred to be derived from protein degradation processes, 

while the decrease in phosphatidylcholines can be attributed to hydrolysis by 

phospholipase A2, which can be present in serum either as secreted enzyme or released 

upon cell rupture before centrifugation (Anton et al., 2015a). An NMR study shows that 

a 24-hour post-processing delay at room temperature, with or without the addition of 

phosphate NMR buffer, affects histidine, phenylalanine, diacylglycerol, and low-density 

lipoprotein particle size (Santos Ferreira et al., 2019b). Similar to alterations due to pre-

processing delays, these changes are found to be less pronounced when storing at cold 

temperature.  

Ideally, serum or plasma should be collected immediately aer centrifugation, aliquoted, 

and promptly stored at −80 °C. However, delays can happen due to logistical reasons, 

especially in large-scale studies. Additionally, post-processing delays can occur before 

the metabolite measurement, when serum or plasma samples are thawed, prepared, and 

queued for NMR analysis. Samples are usually prepared in batches, leading to waiting 

times for the data acquisition. e time between sample preparation and measurement 

should be limited to avoid significant alterations. When the delays are unavoidable, 

samples are recommended to be stored at 4 °C to minimise alterations, such as during 

queuing for data acquisition when an autosampler with a cooling system is advised.  

1.5.1.4 Other Factors 

Other preanalytical factors include haemolysis, freeze-thaw cycles, and storage time. 

Haemolysis has been found to significantly impact MS-based metabolic profiles 

(Kamlage et al., 2014; P. Yin et al., 2013), whereas it does not affect NMR metabolic 

profile, likely due to the limited sensitivity of NMR (Bervoets et al., 2015). Multiple 

freeze-thaw cycles can also alter metabolic profiles, with most variations observed aer 

three cycles (Pinto et al., 2014a). Minor accumulated changes in 32 lipoprotein 
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parameters and acetate were observed from NMR analysis aer five repeated freeze-

thaw cycles (F. Wang et al., 2019). Additionally, the freeze-thaw effect was found to be 

sample dependent, with a larger impact for samples rich in lipids (Barton et al., 2009). 

Regarding storage time, NMR-derived metabolites were unaffected aer 30-month 

storage at -80 °C (Pinto et al., 2014a), while MS-based profiles were altered aer a 5-year 

storage at -80 °C (Haid et al., 2018).  

1.5.1.5 Unmet Need in Large-scale Metabolomic Studies  

In large-scale metabolomic studies, such as UK Biobank, both pre-processing delays and 

post-processing delays commonly occur due to practical logistical requirements. 

Typically, blood samples are collected into blood tubes in clinics throughout the day, 

maintained at specified temperatures, and transported together overnight (Elliott et al., 

2008; Peakman & Elliott, 2008a). Upon arrival at the processing lab the following 

morning, the samples are processed and aliquoted. During processing, aliquots are held 

at 4°C before being transferred to long-term storage at -80°C (Elliott et al., 2008). 

Pre-processing delays can significantly alter glycolysis-related metabolites, while 

prolonged post-processing can affect levels of amino acids and phosphatidylcholine. 

However, the impact of the type of blood collection tube on metabolite integrity, given 

delays in centrifugation and/or sample measurement, has not been thoroughly 

investigated. Sodium fluoride/potassium oxalate (NaF/KO) blood tubes are known for 

its ability to inhibit glycolysis thus preserve the stability of relevant metabolites 

(Dibbasey et al., 2024). Despite this, the use of NaF/KO blood tubes in metabolomics is 

scarce and the stability of metabolites derived from this type of tube remains unexplored 

(Sotelo-Orozco et al., 2021a).  

Addressing these unmet needs is crucial for improving the accuracy and reliability of 

large-scale metabolomic studies. Understanding and mitigating the effects of pre- and 

post-processing delays, as well as evaluating the impact of different blood collection 

tubes, will enhance the robustness of metabolomic data and its application in clinical 

and epidemiological research. 
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1.5.2 Metabolite Extraction Methods for Brain Metabolomics 

Metabolomics offers a versatile approach that is applicable to various biological sample 

types, including cells, tissues, biofluids. When applied to tissue specimens relevant to a 

particular disease, metabolomics allows for direct detection of metabolic processes 

associated with organ dysfunction or disease pathology (Saoi & Britz-McKibbin, 2021). 

is approach, for example, is particularly valuable for studying brain tissues or specific 

brain regions affected by neurological diseases, offering insights into the metabolic 

alterations underlying these conditions. However, the invasive collection procedures 

limit the applicability of tissue metabolomics, oen restricting studies to animal models. 

Nevertheless, it can also be applied to human brain biopsies, which are routinely used 

in clinical practice to establish the type and grade of tumour, to exclude infectious 

diseases, and for autoimmune or inflammatory diseases where other methods have 

proved equivocal. While histological analysis alone may not always yield definitive 

conclusions, metabolomics offers complementary insights that enhance diagnostic 

precision. To support such applications, this thesis investigates brain extraction 

methods that optimise extraction efficiency and reproducibility while preserving 

metabolite stability. 

1.5.2.1 Metabolic Profiling in Brain Tissue 

e field of metabolomics, particularly in examining brain tissues, has evolved, allowing 

researchers to interrogate the biochemical shis associated with varying physiological 

states and to understand better the downstream molecular mechanisms that contribute 

to the outcome of individual disease pathologies (Gonzalez-Riano et al., 2016). 

NMR, particularly liquid-state NMR, accounts for about 20% of all brain metabolomics 

research, as indicated by PubMed data showing 427 references for “metabolomics AND 

brain AND nuclear magnetic resonance NOT MRI” and 403 references when high-

resolution magic angle spinning (HRMAS) NMR—which involves semi-solid samples 

rather than liquid-state analysis—is also excluded. In comparison, the equivalent search 

for mass spectrometry (“metabolomics AND brain AND mass spectrometry NOT MSI”) 
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returned around 1760 references. 

1.5.2.2 Brain Metabolite Extraction 

Metabolic profiling via liquid-state NMR requires the extraction of biological tissue 

samples, the concentration of metabolites to levels compatible with NMR detection, and 

the simultaneous removal of macromolecules in a manner that preserves metabolite 

stability. e selection of the extraction method, including the choice of extraction 

solvent, depends on factors such as the type of biological sample studied, and the 

molecules of interest. Methanol/water and acetonitrile/water are commonly favoured 

for their efficient extraction of polar metabolites, precipitation of proteins, analytical 

compatibility and ease of handling (Álvarez-Sánchez et al., 2010). Additionally, 

methanol/water/chloroform is commonly used for simultaneous biphasic extraction of 

polar and non-polar metabolites, and for improved protein precipitation, despite being 

more time-consuming (Lin et al., 2007). 

e choice of extraction solvent can significantly impact reproducibility, metabolite 

recovery, and protein removal. For instance, methanol has emerged as the preferred 

extractant for plasma samples due to its superior performance in these areas compared 

to acetonitrile (Cai & Li, 2016; Gowda & Raery, 2014; Lepoittevin et al., 2023; Nagana 

Gowda et al., 2015; Want et al., 2006). Similarly, different extraction methods have been 

evaluated in liver tissues, where acetonitrile/water demonstrated the highest metabolite 

yield but also recovered some macromolecules and lipids, whereas 

methanol/water/chloroform provides excellent deproteinisation while maintaining high 

yield and reproducibility (Lin et al., 2007). In NMR analysis of brain extracts, 

acetonitrile/water also showed better yield compared to methanol/water and 

methanol/dichloromethane/water, while methanol/water showed lower reproducibility 

(Diémé et al., 2017). 

1.5.2.3 Unmet Need in Brain Metabolite Extraction Methods 

Due to the reduced sensitivity of NMR relative to MS along with the routine use of pulse 
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programs, such as the CPMG sequence, which filters out macromolecule signals, 

extraction methods which prioritise metabolite recovery over deproteinisation are oen 

favoured in NMR metabolomics studies. However, residual proteins in samples may still 

alter metabolic profiles either through enzymatic activity or binding to free metabolites. 

Indeed, it has been shown that brain homogenates, containing residual protein, undergo 

significant metabolic changes with prolonged incubation, whereas minimal changes 

occur in the aqueous phase of brain extracts subjected to the 

methanol/chloroform/water method aer incubation (Fomenko et al., 2022a). 

Furthermore, Paskevich et al. discovered that aer NMR sample preparation, the alpha 

carbon hydrogen (αH) of aspartate was replaced by deuterium from the NMR buffer, 

whereas deproteinated samples extracted with a methanol/water/chloroform mixture 

could prevent this replacement (Paskevich et al., 2013). 

is observation gives rise to the hypothesis that residual proteins in brain NMR 

samples can continue to alter the metabolome. While residual enzymatic activity is a 

well-documented issue in metabolomics, particularly for biofluids such as serum, 

plasma, and urine, where it has been extensively studied (Ghini et al., 2019, 2022; 

Kamlage et al., 2014, 2018b), these biofluids can oen be analysed directly by NMR aer 

being mixed with an appropriate buffer, without the need for an extraction step. In 

contrast, brain tissue samples require a more complex preparation process, including an 

extraction step, to obtain a liquid-state NMR spectrum. Prior to NMR analysis, mixing 

the lyophilised brain tissue extracts with the NMR buffer (e.g., deuterated phosphate 

buffer, pH 7.4) can potentially reactivate residual enzymes, leading to metabolite 

conversions. Despite the critical role of extraction in preparing brain tissues for NMR 

analysis, no research has systematically investigated the relationship between metabolite 

stability and residual protein levels across different extraction methods in rodent brain 

extracts. erefore, it is important to bridge this gap in knowledge by evaluating 

whether such alterations exist with commonly used extraction methods, understanding 

their impact, and identifying ways to control them. By minimising the effects of 
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preanalytical variability, the metabolites measured can more accurately reflect the in 

vivo state, leading to improved interpretation. 

1.6 Overview of the esis 

e overarching aim of my DPhil thesis was to use NMR-based metabolomics for 

biomarker discovery to improve diagnostics for antibody-mediated pathology in 

neurological diseases. 

Specifically, this thesis investigated the following hypotheses: 

(1) at plasma NMR-based metabolomics, in combination with multivariate 

statistical techniques and machine learning, can distinguish patients with AE 

from those with drug-resistant epilepsy (DRE). 

(2) at psychosis patients with defined neuronal cell surface antibodies (in 

common with AE) will have a different serum metabolomic profile compared to 

those without these autoantibodies. 

(3) For translation purposes, that sodium fluoride/potassium oxalate blood tubes, 

which inhibit glycolysis, are more effective at preserving metabolite integrity 

than the widely used lithium heparin or serum blood tubes during preanalytical 

delays. 

(4) For metabolomics in brain tissue biopsy, that extractant with superior protein 

precipitation capabilities better maintain metabolite stability during NMR 

analysis. 
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Chapter 2: Distinct Plasma Metabolomic Signatures 

Differentiate Autoimmune Encephalitis from 

Drug-Resistant Epilepsy. 

e data in this chapter has been published as: Xiong, W., Yeo, T., May, J.T.M., Demmers, 

T., Ceronie, B., Ramesh, A., McGinty, R.N., Michael, S., Torzillo, E., Sen, A., Anthony, 

D.C., Irani, S.R. and Probert, F. (2024), Distinct plasma metabolomic signatures 

differentiate autoimmune encephalitis from drug-resistant epilepsy. Ann Clin Transl 

Neurol. https://doi.org/10.1002/acn3.52112 

 

2.1 Introduction 

Epilepsy is a heterogeneous neurological disorder affecting approximately 50 million 

people worldwide (World Health Organization, 2019), with 30% of cases being drug-

resistant epilepsy (DRE) (Ngugi et al., 2010). AE oen refractory to anti-seizure 

medications (ASMs) (Ramanathan et al., 2021; B. Sun et al., 2020), is another significant 

cause of seizures, sometimes misdiagnosed as non-autoimmune epilepsy, especially in 

patients with LGI1 antibodies (Flanagan et al., 2023; Smith et al., 2021; Steriade et al., 

2020b; ompson et al., 2018; Van Steenhoven et al., 2023).  

Timely diagnosis and initiation of immunotherapies are crucial for optimal prognosis 

in AE (Nosadini et al., 2021; ompson et al., 2018). Further adjunctive diagnostics, 

such as an NMR blood test that is fast, affordable, and minimally invasive, could prove 

valuable in guiding both therapy and prognosis. Currently, no robust stratifying 

biomarkers exist.  

Previous studies from our group have highlighted the potential of NMR metabolomics 

in detecting systemic inflammation and autoantibody-mediated pathology in CNS 

diseases with overlapping symptoms (Dickens et al., 2014; Jurynczyk et al., 2017; 

Probert et al., 2021; Yeo et al., 2019, 2021). Building on these findings, this chapter 

https://doi.org/10.1002/acn3.52112
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explores the hypothesis that NMR metabolomics, combined with robust multivariate 

analysis, can distinguish AE from DRE and, further, differentiate three of the 

commonest AE subtypes associated with autoantibodies against LGI1, NMDAR and 

CASPR2. 

 

2.2 Methods 

2.2.1 Human Subjects 

AE and DRE patients were recruited from the John Radcliffe Hospital, Oxford, UK. e 

study was approved by the Research Ethics Committee (REC16/YH/0013) and all 

participants gave written informed consent. Matched clinical information was retrieved 

from the electronic patient record (Cerner Millenium). AE patients were diagnosed 

based on their clinical syndrome in association with serum and CSF antibody positivity 

at the peak of their disease determined by fixed and live cell-based assays for CASPR2 

and NMDAR-antibodies, and serum positivity alone for LGI1-antibodies, as described 

previously (Irani, Alexander, et al., 2010b, p. 1; Irani, Bera, et al., 2010). Inclusion criteria 

for DRE patients were stipulated such that: (1) DRE patients with known positive 

antibody results were excluded from the analysis, and (2) Patient records of the DRE 

patients were reviewed to further exclude cases potentially associated with autoimmune 

etiologies.  

2.2.2 Blood Samples 

Blood was collected in BD™ Vacutainer™ Lithium Heparin tubes (BD 367886) and 

plasma was isolated by centrifugation at 500 x g for 10 minutes at room temperature 

prior to storage at -80 °C. 

2.2.3 NMR Sample Preparation 

On the day of NMR data acquisition, plasma samples were defrosted at room 

temperature before being centrifuged at 100000 x g for 30 mins at 4 °C. 150 μL of the 

plasma samples were then mixed with 400 μL NMR buffer (75 mM phosphate buffer in 
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D2O, pH = 7.4) and transferred to a 5 mm borosilicate NMR tube (Norell).  

2.2.4 NMR Experiments 

NMR spectroscopy was performed using a 700-MHz Bruker AVIII spectrometer 

(Department of Chemistry, University of Oxford) operating at 16.4 T equipped with 

a 1H [13C/15 N] TCI cryoprobe at 298 K. Each plasma sample was subjected to both a 1D 

1H NOESY experiment and a CPMG-PROJECT experiment, with the CPMG-PROJECT 

spectra used for downstream analysis.  

e 90-degree pulse length (P1) was determined by measuring a null spectrum with an 

approximate 360-degree pulse using the Bruker zg pulse sequence. P1 was optimised 

using one representative sample from the cohort and applied consistently to all plasma 

samples throughout the study. 

e 1D 1H NOESY experiment was conducted with relaxation delay of 2 s, an 

acquisition time of 1.5 s, 8 data collections and a fixed receiver gain. 1D 1H CPMG-

PROJECT spectra were collected with a τ interval of 400 μs, 80 loops, a total filter time 

of 40 ms, 32 data collections, an acquisition time of 1.5 s, relaxation delay of 2 s, and a 

fixed receiver gain.  

For quality control, pooled samples were spread throughout the run to monitor 

technical variation. Additionally, 2D TOCSY spectra were acquired for representative 

samples to aid in the assignment of metabolites, collected with a time domain of 2048 

complex points in the direct dimension (t₂) and 512 increments in the indirect 

dimension (t₁), using a relaxation delay (d₁) of 2 s, a mixing time (d₉) of 100 ms, and 24 

scans per increment (ns = 24). e total acquisition time for each TOCSY spectrum was 

approximately 6 hours. 

2.2.5 NMR Data Pre-processing 

Resulting free induction decays were zero-filled by a factor of 2 and multiplied by an 

exponential function corresponding to 0.30 Hz line broadening prior to Fourier 

transformation. All spectra were phased, baseline corrected and referenced to the lactate 
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-CH3 doublet resonance at δ = 1.33 ppm, followed by visual inspection for errors and 

contaminations (Topspin 4.1, Bruker, Germany). Plasma NMR spectra were rationally 

divided into 122 spectral bins in a manual manner to avoid overlapping signals, 

excluding noise and water signals (ACD/Labs Spectrus Processor Academic Edition 

12.01, Advanced Chemistry Development, Inc.). Each spectral integral was normalised 

by the total sum of all spectral integrals within a sample (constant sum normalisation), 

accounting for any variations in sample dilution.  

2.2.6 Metabolite Assignments 

Metabolite assignments for NMR signals was performed by referencing to literature 

values (Nicholson et al., 1995; Oostendorp et al., 2006; Soininen et al., 2009; Tynkkynen 

et al., 2012), the Human Metabolome Database (Wishart et al., 2007), and via 2D total 

correlation spectroscopy (TOCSY) experiments. Approximately 50 metabolites, 

including a range of lipoprotein and lipid species, amino acids, glucose, organic acids, 

nucleotides, and amides were identified. 

2.2.7 Statistical Analysis 

2.2.7.1 Multivariate Analysis 

Multivariate analyses were performed in R soware 4.1.2 (R Foundation for Statistical 

Computing, Vienna, Austria) using in-house R scripts and the ‘ropls’ package (évenot 

et al., 2015a). Multivariate analysis of NMR metabolomics data included PCA and 

OPLS-DA. Sum-normalised integral values were pareto scaled for the multivariate 

analysis. PCA was used to reduce data dimensionality and identify any spontaneous 

clusters and important variables accounting for the clustering. OPLS-DA was used to 

generate diagnostic models and identify significant differences in metabolite levels 

between groups. e number of orthogonal components in OPLS-DA was optimised 

through repetitions of the default 7-fold internal cross-validation, with the final number 

determined by the median value obtained from the repetitions. For the full dataset, the 

optimal number of orthogonal components was determined by 50 repetitions, while for 
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the training set in the cross-validation loop, 10 repetitions were used (Figure 2-1). ese 

repetitions were introduced because the number of orthogonal components determined 

by the built-in function in the ropls package was variable for this dataset and tended to 

underfit the dataset.  

e OPLS-DA models underwent rigorous validation using a 10-fold external cross-

validation with 100 repetitions and permutation testing (Figure 2-1). To correct for 

unequal class sizes, samples from the larger class were randomly selected to match the 

number of samples in the smaller class. e equalised dataset was then randomly 

shuffled and split into a training set (90% of data) and a test set (10% of data). e OPLS-

DA model was trained exclusively on the training set with model optimisation and 

evaluated on the test set to measure accuracy, sensitivity, and specificity. e process of 

splitting the dataset was repeated 10 times, ensuring each sample appeared in a test set 

exactly once. e entire process, from randomly selecting samples to 10-fold external 

cross-validation, were repeated 100 times, producing a total of 1000 models. 

e cross-validation described above assessed how well the model performed on 

independent data, while permutation testing was used in parallel to assess whether the 

model performed significantly better than random chance. e null distribution was 

generated by randomly permuting class assignments and building OPLS-DA models 

with the same 10-fold cross-validation with repetition scheme. e accuracy of the true 

models was compared to the null distribution using the Kolmogorov-Smirnov test. 

Models were considered significant only if their accuracies were significantly better than 

random chance (~50%). Discriminatory variables were identified by calculating the 

average of the variable importance in projection (VIP) scores of the ensemble of models, 

which indicated the contribution of a variable to the model. An inflection point was 

picked manually in the curve of VIP scores and was used as a cut-off for picking 

discriminatory metabolites in multivariate. 
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Figure 2-1 Schematic representation of model optimisation, cross-validation and 
permutation strategy.(A) Steps for the OPLS-DA model building and cross-validation (B) 
OPLS-DA model optimisation for the full dataset. (C) OPLS-DA model optimisation for the 
training set in the cross-validation. 

2.2.7.2 Univariate Analysis 

Univariate statistical analyses, such as Student’s t test or one-way ANOVA, were 

performed to identify significant differences in the mean for each discriminatory 

metabolite. Benjamini-Hochberg method was used to control the false discovery rate at 

0.05. Univariate ROC analyses based on individual metabolite concentrations and 

multivariate ROC analyses using a combination of features using logistic regression 
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were performed using MetaboAnalyst 5.0 (Pang et al., 2021). For patient demographic 

and clinical information, normality was tested by Anderson-Darling test. Kruskal-

Wallis test with Dunn’s multiple comparisons test was used to identify significant 

differences for non-normal continuous variables. Chi-Square test with Bonferroni 

correction for multiple comparisons was used for categorical variables. Adjusted two-

tailed p-values ≤ 0.05 were considered statistically significant. 

2.3 Results 

2.3.1 Clinical Features 

e patient cohort (n = 238) comprised 162 DRE patients, and 76 AE patients including 

27 with CASPR2-, 29 with LGI1-, and 20 with NMDAR-antibody encephalitis. Baseline 

demographic and treatment details are summarised in Table 1-1. e median age of the 

DRE patients was 37 years old and 62% were female. As expected, CASPR2 and LGI1 

patients were older (72 and 74 years old, median age) compared to DRE and more were 

males (89% and 79%, respectively), whereas NMDAR-antibody encephalitis patients 

had a median age of 30 and were predominantly female (95%) (Irani, Alexander, et al., 

2010b; Irani, Bera, et al., 2010; ompson et al., 2018). While all DRE patients were 

receiving ASMs (100%), the percentage was lower in AE patients (54%) who frequently 

received immunotherapies. Again, as expected, more AE patients (19% CASPR2-, 24% 

LGI1-, 40% NMDAR-antibody patients) had systemic tumours, also focal and 

generalised seizures contrasted across the cohorts. DRE patients were relatively stable 

and provided their blood samples during routine outpatient clinics, while AE patients 

were potentially sampled both during acute in-patient stays and at outpatient clinics. 

Table 2-1 Patient demographic and clinical information. 

 DRE  AE-
CASPR2  

AE-LGI1  AE-
NMDAR  

p value 
(adjusted p 
value) 

 N = 162 N = 27 N = 29 N = 20  

Age, Median (IQR) 37 (27, 48) C 

L 
74 (66, 78) 

D N 
72 (57, 73) 

D N 
30 (23, 58) C 

L 
< 0.001 (< 
0.001) 
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 DRE  AE-
CASPR2  

AE-LGI1  AE-
NMDAR  

p value 
(adjusted p 
value) 

Sex, n (%)          

    Female 100 (62%) C 

L N 
3 (11%) D N 6 (21%) D N 19 (95%) C D 

L 
< 0.001 (< 
0.001) 

BMI, Median (IQR) 27 (24, 31) 27 (23, 28) 26 (20, 31) 28 (21, 32) 0.7 
(> 0.9) 

    Unknown 60 (37%) 20 (74%) 21 (72%) 10 (50%)  

Use of ASMs, n (%)         < 0.001 (< 
0.001) 

    Yes 162 (100%) 

C L N 
17 (63%) D N 20 (69%) D N 4 (20%) C D L  

    Unknown 0 3 (11%) 2 (7%) 0  

Use of Steroids, n (%)         < 0.001 (< 
0.001) 

    Yes 1 (1%) C L N ǁ 6 (22%) D L 17 (59%) C D 7 (35%) D  

    Unknown 0 1 (4%) 2 (7%) 1 (5%)  

Use of Other 
Immunotherapies, n (%) 

        < 0.001 (< 
0.001) 

    Yes 2 (1%) C L N 9 (33%) D 11 (38%) D 9 (45%) D  

    Unknown 0 1 (4%) 2 (7%) 0  

Identified tumour(s), n 
(%) # 

        0.0013 
(0.010) 

    Yes 21 (13%) L N 5 (19%) 7 (24%) D 8 (40%) D  

    Unknown 0 7 (26%) 12 (41%) 0  

Seizure Semiology, n (%)         < 0.001 (< 
0.001) 

    Focal seizures 121 (75%) L 

N 
19 (70%) 24 (83%) D 1 (5%) D  

    Focal † 65  19  20  1   

    Focal + FBTCS ‡ 56  0  4  0   

Generalised 39 (24%) L N 1 (4%) 1 (3%) D 5 (25%) D  

    GTCS 36 1 1 5  

    Other § 3 0 0 0  

Unknown 2 (1%) 7 (26%) 4 (14%) 14 (70%)  
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 DRE  AE-
CASPR2  

AE-LGI1  AE-
NMDAR  

p value 
(adjusted p 
value) 

Disease Duration (from 
onset to sampling date, 
months), median (IQR) 

160 (180) C 

L N 
38 (38) D 25 (46) D 16 (24) D <0.001 

(<0.001) 

Unknown 1 (1%) 0 0 0  

Seizure-free days (from 
last seizure to sampling 
date), median (IQR) 

16 (143) C L 

N 
646 (1369) 

D 
272 (726) D 814 (761) D <0.001 

(<0.001) 

Never had seizures 0 7 (26%) 2 (7%) 12 (60%)  

Unknown 0 2 (7%) 3 (10%) 2 (10%)  

Kruskal-Wallis test with Dunn’s multiple comparisons test was used to identify significant 
differences of each class in age, BMI, disease duration and seizure-free days. Pairwise Chi-
Square test with Bonferroni correction for multiple comparisons were used for categorical 
variables. Omnibus p values and adjusted omnibus p values with Bonferroni correction across 
demographic variables were reported. D, C, L, and N indicate a significant difference (p < 0.05) 
exists with DRE, CASPR2, LGI1, NMDAR, respectively, in the corresponding post-hoc multiple 
comparisons. # identified tumours encompass any tumour (including cancer) detected 
anywhere in the whole body (including brain), as documented in the electronic patient records 
at the time of blood sampling. † includes focal aware seizures and focal impaired awareness 
seizures. ‡ Focal seizures and focal to bilateral tonic clonic seizures (FBTCS). § absence seizures, 
myoclonus. IQR, interquartile range. GTCS, generalised tonic-clonic seizure. ǁe patient was 
on lifelong hydrocortisone replacement due to childhood-onset hypopituitarism, unrelated to 
autoimmune pathology. 

2.3.2 NMR Plasma Metabolomics Coupled with OPLS-DA Models Discriminate 

Autoimmune Encephalitis Patients from ose with Drug-Resistant Epilepsy. 

To compare plasma metabolomic signatures between DRE (n = 162) and AE patients 

(n = 76), 1H NMR spectroscopy was performed with predictive models of OPLS-DA 

using 10-fold external cross validation. Cross validation and permutation testing 

showed that the model was able to identify AE patients in the test set from DRE patients 

with 87.0 ± 3.1% accuracy, 87.9 ± 3.4% sensitivity and 86.3 ± 3.6% specificity and the 

model performed significantly better than random chance (50.0 ± 5.3% accuracy, 

50.0 ± 6.9% sensitivity, 49.8 ± 7.4% specificity, p <0.001, Kolmogorov–Smirnov test), 

indicating it is both robust and not a result of overfitting (Figure 2-2 and Table 2-2). In 

addition, NMR spectra were also obtained for three subjects selected to have post-AE 
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epilepsy who had AE for 2–3 years before being treated as epilepsy with only 

ASMs. Notably, when applying this OPLS-DA model to predict these three patients 

using their plasma metabolome, all three patients were classified as epilepsy, clustered 

with the DRE group (Figure 2-3).  

 

Figure 2-2 Altered plasma metabolome between AE patients and DRE patients.(A) 
Representative OPLS-DA scores plot showing separation of AE (circle, n = 76) from DRE 
(square, n = 162) patient plasma samples. AE plasma samples are coloured according to the 
subtype (autoantibody specificity, CASPR2/LGI1/NMDAR, blue/green/orange). e ellipses 
indicate 95% confidence interval. e OPLS-DA model was generated with 1 predictive 
component and 7 orthogonal components. CV, cross validation. (B) Predictive accuracy of the 
ensemble of the OPLS-DA models compared with that of the randomly permutated null 
distribution. Kolmogorov-Smirnov test. *** p < 0.001. (C) Discriminatory metabolites driving 
the separation of the OPLS-DA models, ranked by VIP scores. e top 11 resonances, identified 
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with the inflection point with a VIP score cut-off of 1.4, were labelled. “/” indicates the 
mentioned metabolites are overlapped in the spectral region. Metabolite names in square 
brackets refers to non-dominant overlapping metabolites also found in that spectral region. 
VLDL, very-low-density lipoproteins. CM, chylomicrons. (D) Mean NMR spectra of plasma 
samples from AE (red, n = 76) and DRE patients (black, n = 162) highlighted and labelled with 
discriminatory metabolites derived from the OPLS-DA models. 

Table 2-2 Statistical metrics of the OPLS-DA models. 

comparis
on 

model 
accurac
y 

model 
sensitiv
ity 

model 
specifici
ty 

accurac
y 
(rando
m) 

R2Y 
R2Y 
(rando
m) 

Q2 
Q2 
(rando
m) 

AE vs 
DRE 

87.0 ± 
3.1% 

87.9 ± 
3.4% 

86.3 ± 
3.6% 

50.0 ± 
5.3% 

0.70 ± 
0.06 

0.29 ± 
0.04 

0.53 ± 
0.05 

-0.44 ± 
0.15 

CASPR2 
vs DRE 

80.0 ± 
5.1% 

83.5 ± 
6.8% 

78.2 ± 
5.8% 

50.4 ± 
8.6% 

0.82 ± 
0.03 

0.56 ± 
0.06 

0.34 ± 
0.11 

-0.84 ± 
0.42 

LGI1 vs 
DRE 

82.3 ± 
5.0% 

82.8 ± 
6.9% 

82.7 ± 
6.2% 

50.9 ± 
9.0% 

0.72 ± 
0.10 

0.57 ± 
0.06 

0.46 ± 
0.10 

-0.84 ± 
0.40 

NMDAR 
vs DRE 

80.4 ± 
7.3% 

80.5 ± 
7.8% 

82.0 ± 
9.0% 

50.9 ± 
9.8% 

0.85 ± 
0.10 

0.83 ± 
0.06 

0.42 ± 
0.11 

-1.32 ± 
0.73 

CASPR2 
vs LGI1 

69.2 ± 
3.0% 

66.7 ± 
4.4% 

73.3 ± 
5.8% 

49.4 ± 
8.5% 

0.34 ± 
0.01 

0.22 ± 
0.05 

0.11 ± 
0.03 

-0.28 ± 
0.16 

CASPR2 
vs 
NMDAR 

68.9 ± 
5.4% 

68.8 ± 
7.8% 

66.5 ± 
7.8% 

51.4 ± 
10.7% 

0.60 ± 
0.03 

0.44 ± 
0.06 

0.09 ± 
0.10 

-0.56 ± 
0.32 

LGI1 vs 
NMDAR 

77.5 ± 
5.0% 

79.4 ± 
7.8% 

76.1 ± 
6.8% 

50.2 ± 
10.2% 

0.85 ± 
0.02 

0.64 ± 
0.06 

0.24 ± 
0.11 

-0.86 ± 
0.50 

Values were presented in mean ± SD. OPLS-DA models were validated on independent test data 
(10%) using an external 10-fold cross-validation strategy with repetition coupled with 
permutation testing. Accuracy, sensitivity, and specificity were calculated from the external test 
set to assess the robustness and predictive ability of the models. Accuracy/Sensitivity/Specificity 
(random) indicated the metrics calculated using the permutated dataset. R2 and Q2 were 
calculated from the OPLS-DA model built using the full data set, where R2 provides a measure 
for how much variation is represented by the model and Q2 for the goodness of prediction. 
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Figure 2-3 Prediction of subjects with post-AE epilepsy. e OPLS-DA scores plot illustrates 
the application of the OPLS-DA model, differentiating AE from DRE, for the prediction of three 
individuals with post-AE epilepsy. e plot includes the projection of these three subjects with 
post-AE epilepsy onto the DRE vs AE separation. Patients situated to the le of the dashed 
vertical line are anticipated to have DRE. 

Mean spectra from DRE patients and AE patients (Figure 2-2) show discriminatory 

metabolites derived from the model. Compared to DRE patients, AE patients had 

increased plasma lactate, glucose and decreased high-density lipoprotein (HDL, fatty 

acyl chain -(CH2)n-, -CH3 in lipoproteins, the spectral integral predominated by HDL), 

phosphatidylcholine (N+(CH3)3, choline-containing phospholipids, predominantly 

phosphatidylcholine), unsaturated fatty acids (UFAs, -CH2CH= from the unsaturated 

fatty acyl components) and albumin (lysyl moiety of albumin) (Nicholson et al., 1995) .  

Univariate ROC analysis was conducted for each of the most discriminatory metabolites, 

indicating their individual potential to classify AE and DRE patients with an AUC 

ranging from 0.59 to 0.72 (Figure 2-4 A-F). Multivariate ROC analysis coupled with 

logistic regression on all the 11 most discriminatory resonances yielded an AUC of 0.820 

(95% CI: 0.744-0.907). Notably, when selecting lactate, HDL (-CH3), the albumin lysyl 

moiety, and glucose, four features with lower covariation that are routinely measurable 

in the clinical setting, the ROC analysis showed a comparable AUC of 0.820 (95% CI: 

0.742-0.892) (Figure 2-4G).  
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Figure 2-4 ROC analysis for discriminatory metabolites. (A-F) boxplots of the highest ranked 
discriminatory metabolites identified by the OPLS-DA model in AE vs DRE. Grey lines were 
ROC curves of each metabolite. Yellow lines indicate optimal cutoff (closest to top-le corner) 
from univariate ROC analyses. Univariate ROC analyses were based on individual metabolite 
concentration differences, while multivariate ROC analyses used logistic regression on 
combined features. (G) Multivariate ROC analysis on a combination of 11 most discriminatory 
NMR resonances from the OPLS-DA model (black) and on 4 selected features (red). 

2.3.3 Distinct Metabolomic Signatures Identified for Each AE Subtype. 

Upon further examination of the discriminatory metabolites, each AE subtype appeared 

to have its own unique metabolic signature apart from the shared metabolomic 
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perturbation in HDL –(CH2)n–, HDL –CH3, phosphatidylcholine and the albumin lysyl 

moiety (Figure 2-5A). Plasma lactate levels were increased in LGI1-antibody 

encephalitis patients, and, even more so, in CASPR2-antibody encephalitis patients. 

Elevated plasma glucose and decreased UFA were only observed in the plasma of LGI1-

antibody patients. Individual OPLS-DA models were developed for each AE subtype, 

compared to the DRE group. ese models achieved cross-validation accuracies of 80.0 

± 5.1%, 82.3 ± 5%, and 80.4 ± 7.3% for distinguishing CASPR2-, LGI1- and NMDAR-

antibody encephalitis, respectively, from DRE (Table 2-2). Notably, distinct metabolite 

signatures were identified for each subtype, including lactate, HDL (-CH3, -(CH2)n-), 

and phosphatidylcholine for CASPR2; HDL (-CH3, -(CH2)n-), lactate, 

phosphatidylcholine, glucose and UFA for LGI1; and phosphatidylcholine, HDL (-CH3, 

-(CH2)n-), and glycoprotein A (GlycA) for NMDAR (Figure 2-5A, Figure 2-6, Figure 

2-8). 

Pairwise OPLS-DA models were built within the three AE subtypes to further study if 

each subtype can be stratified based on the differences in the metabolomic alteration. 

e accuracies of the models (CASPR2 vs LGI1, CASPR2 vs NMDAR, LGI1 vs NMDAR) 

were 69.2 ± 3.0%, 68.9 ± 5.4%, and 77.5 ± 5.0%, respectively (Table 2-2). e 

significantly superior performance of the models than random chance (p < 0.001, 

Kolmogorov-Smirnov test) indicated distinct metabolomic alterations exist within the 

three AE subtypes (Figure 2-7, Figure 2-8). Specific alterations in plasma metabolome 

in each AE subtype relative to DRE and each other are summarised in the Venn diagram 

(Figure 2-5B).  
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Figure 2-5 Specific alteration in plasma metabolome in each AE subtype. (A) Heatmap of 
percentage changes in key metabolites identified by the OPLS-DA models of AE vs DRE, and in 
each AE subtype relative to the DRE group. Numbers in the square brackets represent the 
boundary of corresponding spectral region in ppm. “/” indicates the mentioned metabolites are 
overlapped in the spectral region. Metabolite names in square brackets refers to non-dominant 
overlapping metabolites also found in that spectral region. * Significance in mean compared to 
DRE group (q < 0.05 in univariate analysis). (B) Venn diagram illustrating metabolic signatures 
of AE subtypes. Metabolites in black were identified from OPLS-DA models of AE vs DRE, and 
each AE subtype vs DRE, while metabolites in grey were identified from OPLS-DA models of 
pairwise AE subtype comparisons. HDL, high density lipoprotein. UFA, unsaturated fatty acids. 
PUFA, polyunsaturated fatty acids. GlycA/B, Glycoprotein A/B. 
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Figure 2-6 OPLS-DA models discriminating DRE and each AE subtype.(A, C, E) OPLS-DA 
scores plot differentiating between DRE and each AE subtype (CASPR2, LGI1, NMDAR). (B, D, 
F) Corresponding discriminatory metabolites responsible for the separation of the OPLS-DA 
models, ranked by VIP scores. 
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Figure 2-7 OPLS-DA models discriminating between AE subtypes. (A, C, E) OPLS-DA 
scores plot differentiating between AE subtypes (CASPR2 vs LGI1, CASPR2 vs NMDAR, LGI1 
vs NMDAR). (B, D, F) Corresponding discriminatory metabolites responsible for the separation 
of the OPLS-DA models, ranked by VIP scores. 
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Figure 2-8 Violin plots of the discriminatory metabolites derived from the OPLS-DA 
models(AE vs DRE, CASPR2 vs LGI1, CASPR2 vs NMDAR, LGI1 vs NMDAR) in DRE (grey, 
n = 169), CASPR2 (blue, n = 27), LGI1 (green, n = 30), NMDAR (orange, n = 23). Significance 
was determined using one-way ANOVA with post hoc Tukey’s HSD tests. Holm-Bonferroni 
method was applied for adjustment of p values due to multiple comparisons. * q < 0.05, ** q < 
0.01, *** q < 0.001. HDL, high density lipoprotein. VLDL, very low-density lipoprotein. CM, 
chylomicrons. GlycA/B, glycoprotein A/B. UFA, unsaturated fatty acids. UFA, unsaturated fatty 
acids. PUFA, polyunsaturated fatty acids. 

2.3.4 Potential Confounding Factors Including Seizure Semiologies. 

To investigate whether different seizure semiologies or the seizure proximity (Table 2-1) 

were reflected in the plasma metabolome, OPLS-DA models were built to compare 

patients with focal seizures (n = 121) vs patients with generalised seizures (n = 39). 

However, the 10-fold cross-validation demonstrated a mean accuracy of 55.8 ± 5.9%, 

only marginally superior to random chance. Even when employing a subset of patients 

with focal aware/impaired awareness seizures (n = 20) matched with patients 

experiencing generalised tonic-clonic seizures (GTCS) (n = 20) in terms of age, gender, 

and seizure-free days, the model yielded a mean accuracy of 57.0 ± 4.7%. Similarly, when 

assessing the impact of seizure proximity by stratifying patients who had seizures in less 

than 15 days (n = 79) versus those without seizures for more than 300 days (n = 38), the 

model had a mean accuracy of 58.8 ± 6.0%. ese results suggest that the impact of 

epilepsy on the blood metabolome is independent of the location, the type, and the 
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proximity of seizure.  

Other potential confounders lie in the observation that DRE and AE cohorts have 

multiple differences, as outlined in Table 2-1. To examine the influence of these potential 

confounders in the model, scores plots demonstrating the separation of the two groups 

were coloured according to each variable to test for observable correlations (Figure 2-9). 

Among these, age, the use of steroids and other immunotherapies displayed notable 

correlations. Consequently, OPLS-DA models were constructed to compare younger (< 

25, n = 34) vs older (> 50, n = 32) DRE patients, and the model was able to distinguish 

younger vs older DRE with a 71.9 ± 4.0% cross-validation accuracy. Nonetheless, the 

discriminatory metabolite resonances responsible for the age separation were mainly 

very-low-density lipoprotein -(CH2)n- (VLDL, 1.26-1.32 ppm) and unsaturated fatty 

acids -HC=CH- (5.25-5.38 ppm), different from those driving the separation between 

DRE and AE (Figure 2-10).  

A substantial proportion of the AE cohort was undergoing treatment with steroids 

and/or other immunotherapies. e OPLS-DA model was able to distinguish between 

AE patients who were using steroids (n = 30) and those who were not (n = 42), with a 

cross-validation accuracy of 65.4±4.1%. AE patients on steroids exhibited elevated 

glucose and GlycA levels (Figure 2-11). However, the OPLS-DA model yielded only a 

55.7 ± 4.5% cross-validation accuracy to identify AE patients receiving other 

immunotherapies (n = 44 + 25) (Figure 2-12). erefore, while steroid administration 

may contribute marginally to the elevation of glucose levels in the AE vs DRE cohorts, 

the AE pathology remains the primary factor distinguishing their plasma metabolomics.  
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Figure 2-9 OPLS-DA scores plot of AE (circle) vs DRE (square) coloured by potential 
confounding factors. 
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Figure 2-10 OPLS-DA was able to distinguish younger vs older DRE with a 71.9% cross-
validation accuracy (A, B). VLDL and unsaturated fatty acids were responsible for driving the 
separation in age (C). 
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Figure 2-11 OPLS-DA was able to distinguish between AE patients who were using steroids 
and those who were not with a 65.1% cross-validation accuracy (A, C). Glucose and GlycA 
were responsible for driving the separation in Steroid usage (B, D, E). 

 

Figure 2-12 OPLS-DA yielded only a 55.7 ± 4.5% cross-validation accuracy to identify AE 
patients receiving immunotherapies (A, B). 

2.4 Discussion 

is chapter demonstrated the ability of metabolomics to differentiate patients with AE 
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from those with DRE, and to separate three common subtypes of autoantibody-

mediated AE. is represents the first biomarker offering these discriminatory 

properties. While autoantibody assays will likely remain the gold standard, the NMR-

based blood test offers a promising adjunct to facilitate the diagnosis of AE given the 

speed of testing, affordability, and high diagnostic accuracy. Metabolomic testing may 

be especially valuable when patients present with seizures in the absence of obvious 

causes such as traumatic brain injury, neoplasms, and infectious disease. Moreover, as 

autoantibody assays only detect known antibodies, it is conceivable that patients 

harbouring unknown NSAb may be detected with NMR approaches (McCracken et al., 

2017; Woodhall et al., 2022). While prior research has explored non-antibody-based 

biomarkers such as neurofilament light chain (NfL) and cytokines (Brenner et al., 2023; 

Levraut et al., 2021; Wesselingh et al., 2023; F. Zhang et al., 2023), these have limitations, 

such as NfL’s susceptibility to age and various confounding factors. Hence, the unique 

advantages offered by the NMR metabolomics methods in AE diagnosis and subtype 

differentiation may prove valuable for several applications. 

is study has found that different AE subtypes (CASPR2, LGI1, NMDAR) have both 

overlapping and distinct metabolome perturbations, suggesting the existence of both 

shared and distinct pathogenic mechanisms. Here it shows that the common plasma 

metabolomic signatures shared by AE patients include decreased levels of HDL (fatty 

acyl chain -(CH2)n-, -CH3 resonances), phosphatidylcholine and albumin (lysyl moiety). 

While the clinical signs in AE are largely associated with the interaction with their 

respective target antigens in the CNS, there is also some peripheral expression of these 

proteins (e.g. LGI1), where autoimmune response might have contributed to the altered 

blood chemistry profiles observed (Anderyas et al., 2022). 

Lipid profiles, especially with decreased HDL levels, are implicated in inflammatory and 

autoimmune diseases. For example, low HDL cholesterol and high triglycerides levels 

have been associated with higher levels of multiple sclerosis disability, as well as poor 

recovery and relapse in NMOSD (Cho et al., 2020; Tettey et al., 2014, 2017; K. Wu et al., 
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2019). Additionally, several studies have found lower HDL-cholesterol levels in 

individuals with NMDAR- antibody encephalitis compared to healthy controls, and 

associated with a poorer prognosis and increased likelihood of relapse (Liu et al., 2021, 

2022; Shu et al., 2017).  

Decreased levels of -N(CH3)3 resonances from phosphatidylcholine were found in AE 

plasma in the study at hand and were highly positively correlated with HDL -CH3 levels 

(r = 0.95, p < 0.001, Figure 2-13). As phosphatidylcholine is the main phospholipid 

present in plasma and an integral component of lipoproteins (particularly HDL) the 

observed decrease in phosphatidylcholine levels may be attributed to the reduced levels 

of HDL. Additionally, the decreased levels of phosphatidylcholine may occur secondary 

to AE-induced inflammation, as cellular lipid profiles are modulated following 

inflammatory stress, including a decrease in phosphatidylcholines (Campos et al., 2016). 

 

Figure 2-13 Correlation plot of discriminatory metabolites from the OPLS-DA models.e 
correlation plot encompasses all discriminatory metabolites extracted from the OPLS-DA 
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models involving different comparisons (AE vs DRE, CASPR2 vs LGI1, CASPR2 vs NMDAR, 
LGI1 vs NMDAR). Pearson correlation coefficient r is visualised with different sized circles in 
the upper triangular of the correlation matrix, and the original r values are shown in the lower 
triangular. Holm-Bonferroni method was applied for adjustment of p values due to multiple 
comparisons. e plot includes only significant correlations. 

Consistent with these findings, significantly lower albumin levels have been reported in 

AE patients, with plasma albumin levels decreased in NMDAR-antibody encephalitis 

relative to healthy controls, and pre-treatment low plasma albumin associated with 

worse prognosis in AE (Jang et al., 2018; Shu et al., 2018). Albumin is a negative acute 

phase reactant and reduced serum albumin levels have been shown to correlate with 

systemic and central inflammatory disease, which could be due to increased albumin 

degradation caused by a high catabolic rate and elevated albumin transudation resulting 

from increased capillary permeability (Ishida et al., 2014; Lyons et al., 2010). us, taken 

together, the significant decreases observed in lipoprotein and albumin resonances of 

AE patients observed here, are consistent with an inflammatory metabolic signature. 

is chapter has also demonstrated that various subtypes of AE exhibit distinct 

metabolic changes, aligning with the observation that different NSAb are oen 

associated with distinct clinical syndromes and prognoses (Dalmau & Graus, 2018). 

Elevated lactate levels were observed in both CASPR2- and LGI1-antibody patients, 

especially for CASPR2-antibody patients, while elevated plasma glucose levels were 

found in CASPR2-antibody AE only. GlycA levels were higher in NMDAR- and 

CASPR2-antibody patients but lower in LGI1-antibody patients, while UFA levels were 

decreased in LGI1-antibody encephalitis only.  

Lactate is one of the most enriched by-products of cellular metabolism in tissues with 

immune cell infiltration. Studies have indicated that the activation of inflammatory 

immune cells can cause a shi from oxidative phosphorylation to aerobic glycolysis, 

resulting in an increase in lactate (Manosalva et al., 2022). For example, elevated levels 

of serum lactate, have been reported in individuals with multiple sclerosis and the 

increases are positively correlated with increasing disability (Amorini et al., 2014; W. L. 

Miller & Auchus, 2011).  
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GlycA/B, NMR specific biomarkers of systemic inflammation, derive from the glycan 

moieties of acute-phase proteins (Mallagaray et al., 2023). Studies have reported elevated 

levels of GlycA in patients with autoimmune diseases like rheumatoid arthritis and 

systemic lupus erythematosus (Durcan et al., 2016; Ormseth et al., 2015). erefore, the 

increased GlycA levels observed in NMDAR-antibody patients are potentially indicative 

of ongoing inflammatory processes in this patient population. However, alone, GlycA is 

a non-specific marker (Mallagaray et al., 2023). 

e limitations of this study are acknowledged, as it did not include healthy controls nor 

patients with other antibody-mediated diseases. Consequently, it is challenging to assert 

whether the identified pattern is specific to AE. Nonetheless, a comparative analysis with 

our prior research was conducted, where NMR metabolomics enabled successful 

stratification of antibody-positive NMOSD and relapsing remitting multiple sclerosis 

patients (Jurynczyk et al., 2017). Notably, some common signatures in the 

autoantibody-positive NMOSD group, including reduced phosphatidylcholine and 

lactate levels, along with alterations in lipoprotein profiles (Jurynczyk et al., 2017). e 

shared metabolic signatures in these cohorts with antibody mediated diseases 

underscore the potential relevance of lipid metabolism and glucose regulation in various 

autoimmune and neurological conditions, warranting further exploration of these 

metabolic pathways for potential biomarkers or therapeutic targets. 

In conclusion, this is the first study to use NMR-based metabolomics in distinguishing 

AE patients from DRE patients, highlighting the diagnostic potential of the NMR-based 

blood test for such differentiation. Furthermore, each AE subtype was found to exhibit 

a distinct biochemical signature, providing insights into the distinct metabolic impact 

of the different AE target antigens. Yet, no discriminatory metabolomic signatures were 

observed for different seizure semiologies or proximity in the DRE cohort. Future work 

needs to validate identified biomarkers externally in an independent cohort. It will also 

be important to explore the applicability of the NMR blood test in identifying other AE 

subtypes, seronegative AE patients and whether the AE metabolomic signature might 
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be used to predict the persistence of AE. 
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Chapter 3: e Serum Metabolomic Profile of a Distinct, 

Inflammatory Subtype of Acute Psychosis 

e data in this chapter has been published as Lennox, B*., Xiong, W.*, Waters, P. et al. 

e serum metabolomic profile of a distinct, inflammatory subtype of acute psychosis. 

Mol Psychiatry 27, 4722–4730 (2022). https://doi.org/10.1038/s41380-022-01784-4 (* 

co-first authorship) 

 

3.1 Introduction 

Chapter 2 demonstrated the distinct blood metabolic profile of patients with AE 

compared to those with DRE, suggesting the diagnostic potential of NMR-based blood 

tests to identify antibody-mediated pathology in CNS diseases. e presence of NSAb 

causative for AE has also been observed in the blood of some patients with psychosis. 

e Lennox Group has been screening patients with psychosis for NSAb for the past 

nine years (Lennox et al., 2017). Over this time, the range of antibodies that has been 

recognised has expanded, and the evidence around the pathogenicity of some of these 

antibodies has grown. For instance, pre-clinical studies support the pathogenicity of the 

NMDAR antibody in patients with AE (Hughes et al., 2010), and the nature of the 

clinical syndrome is well characterised (Dalmau et al., 2011; Irani, Bera, et al., 2010). 

e clinical relevance of these antibodies in those with psychosis is less certain, even 

though there are clear overlaps in terms of symptoms seen (Al-Diwani et al., 2017). 

Studies that have directly examined NMDAR antibodies from patients with psychosis 

also demonstrate their functional effects on synaptic function (Gréa et al., 2019), and 

small case series of patients with psychosis and NMDAR antibodies demonstrate a 

comparable treatment response to immunotherapy (Lennox et al., 2019; Zandi et al., 

2014). In contrast, the evidence around the pathogenicity of antibodies targeting VGKC 

is controversial across all clinical presentations. is was the first NSAb to be described 

in association with encephalitis in 2001 (Buckley et al., 2001). However, more recent 

https://doi.org/10.1038/s41380-022-01784-4
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studies have specified the particular targets as being components of the VGKC – LGI1 

and CASPR2 (Irani, Alexander, et al., 2010b), such that the value of testing for generic 

VGKC antibodies, using radioimmunoassay is now questioned in encephalitis (van 

Sonderen, Schreurs, de Bruijn, et al., 2016), and the clinical recommendation is to only 

test for LGI1 and CASPR2 (B. Lang et al., 2017). However, the utility of VGKC antibody 

testing in neurological diseases other than encephalitis remains to be seen. Indeed, other 

studies indicate that VGKC antibody assays do still have value, indicating an 

immunotherapy responsive illness in children for instance (Hacohen et al., 2015). ere 

are further antibodies where clinical relevance in CNS disorders is more unclear, such 

as Glycine receptor (GlyR) antibodies, more associated with progressive 

encephalomyelitis with rigidity and myoclonus (Carvajal-González et al., 2014), and 

others that are so rare that there is little to guide clinical practice (GABA-A antibodies) 

(Spatola et al., 2017). 

is highlights the need for adjunctive diagnostic tools to differentiate psychosis with 

an autoimmune basis, facilitating timely and targeted interventions for improved patient 

outcomes. In this chapter, NMR serum metabolomics analysis was applied to identify 

novel subgroups within a cohort of psychosis patients and relate the identified metabolic 

phenotypes to measures of disease severity at presentation, using PANSS, and the 

presence of a range of neuronal cell surface antibodies in the serum of these patients. To 

further investigate any distinct metabolic phenotypes identified in this psychosis cohort 

and investigate the possible relevance of these antibodies, a cohort of antibody negative 

patients (negative for all antibodies tested), matched for age, gender, and ethnicity to the 

antibody positive group, was included. e hypothesis was that those with defined NSAb 

would have a different metabolomic profile than those without.  
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3.2 Methods 

3.2.1 Study Participants 

Serum samples were collected from 1574 patients with acute psychosis across England 

as part of the Medical Research Council (MRC) Prevalence of Pathogenic Antibodies in 

Psychosis study (PPiP1 [2013-2014] and PPiP2 [2015-2018]) (Lennox et al., 2017). e 

inclusion criteria for the study were ages 16-35, first episode of psychotic illness, 

antipsychotic medication less than 6 weeks and at least one moderate or more severe 

symptom of psychosis. ese criteria were then broadened in 2016 to widen the age 

range 16-70 and extend the length of illness to 24 months and included those at relapse 

as well as first episode. 

Following informed consent, a serum sample was collected, alongside demographic 

details and a clinician rating of severity of selected positive and negative syndrome scale 

(PANSS) items at the same time point (P1 Delusions, P2 Conceptual disorganisation, 

P3 Hallucinatory behaviour, N1 Blunted Affect, N4 Passive/apathetic social withdrawal, 

N6 Lack of spontaneity and flow of conversation, G5 Mannerisms and posturing and 

G9 Unusual thought content) (Kay et al., 1987). e items mentioned above were rated 

on a 7-point scale: 1 = absent, 2 = minimal, 3 = mild, 4 = moderate, 5 = moderate severe, 

6 = severe, and 7 = extreme (Kay et al., 1987). Clinicians were asked to only rate the 

symptoms that were moderate or more severe (≥ 4). Absent-mild symptoms did not have 

ratings by clinicians, and their item score was considered as 1 during statistical analyses. 

Total and subscales’ scores were calculated with the eight items mentioned above. For 

the participants in PPiP1 a full PANSS rating was obtained. In these subjects, a P1 rating 

was given as a record of any delusional beliefs in participants. is includes those rated 

as having more specific ratings of delusions of suspiciousness or grandiosity in the full 

PANSS interview. As these items (P6 and P7) were not included in the brief PANSS 

ratings, the highest scoring item has been taken as the rating for P1 for these 

participants. 

A total of 145 patients with sufficient serum sample volume for both antibody testing 



100 

and metabolomics analysis were included in this study; 75 patients who were antibody 

positive along with 70 antibody negative controls matched for age, gender, and ethnicity 

and illness course. Two patients were positive for more than one Ab and so were 

excluded from model training.  

3.2.2 Standard Protocol Approvals, Registrations, and Patient Consents 

Written informed consent was obtained from all patients according to the Declaration 

of Helsinki. Ethical approval was obtained by the local research ethics committee 

(12/EE/0307 PID 97740). 

3.2.3 Serum Collection 

Serum was collected in a serum separator tube (BD Vacutainer™ SST™ II Advance Tubes), 

supplied by the study team, and posted to Oxford. Samples were allowed to clot at room 

temperature before being centrifuged at 1300 × g for 10 minutes at room temperature. 

e serum supernatant was immediately stored at -80 °C.  

3.2.4 Antibody Testing 

Antibody testing for NMDAR, GlyR, GABAAR, LGI1, CASPR2 IgG antibodies was 

undertaken in the Nuffield Department of Clinical Neuroscience, according to 

published methods (Irani, Alexander, et al., 2010b; Irani, Bera, et al., 2010; Pettingill et 

al., 2015). VGKC Antibodies were measured by radioimmunoassay in a National Health 

Service (NHS) Clinical laboratory (Oxford University Hospitals NHS Trust). A 

threshold of 100 pM was taken as the cut off for a positive result. All samples collected 

were tested for all antibodies. 

3.2.5 NMR Experiments 

NMR sample preparation and NMR experiments were conducted as previously 

described in Section 2.2. Serum samples were thawed at room temperature and 

centrifuged at 100 000 × g for 30 minutes at 4 °C. 150 µL of supernatant was then diluted 

with 450 μL of 75 mM sodium phosphate buffer prepared in D2O (pH 7.4). 1H 1D 

NOESY and CPMG-PROJECT spectra were acquired for each sample using a 700-MHz 
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Bruker AVIII spectrometer. CPMG-PROJECT spectra were split into 213 0.02-ppm-

wide bins for integration, excluding the water resonance and noise regions. Sum-

normalised integral values were pareto scaled prior to multivariate analysis.  

3.2.6 Statistical Analysis 

3.2.6.1 Multivariate Analysis 

Multivariate analysis was performed as described in Section 2.2, with the exception that 

the repetitions for optimising number of orthogonal components were not included, as 

such variability in number of orthogonal components determined by the ropls package 

was not observed in this dataset.  

3.2.6.2 Univariate Analysis 

Mann-Whitney U test was used for non-normal continuous variables in two-group 

comparisons. Ordinary one-way ANOVA (with post hoc Tukey’s multiple comparisons 

test) was used for continuous variables in comparisons of more than two groups. When 

unequal variance was present amongst groups, Brown-Forsythe and Welch ANOVA 

tests (with Dunnett's T3 multiple comparisons test) were used instead. For variables 

with non-normal distribution or limited group sample size, Kruskal-Wallis test with 

Dunn's multiple comparisons test was used in comparisons of more than two groups. 

Fisher’s exact tests were used for categorical variables as appropriate, while a Bonferroni 

correction was applied throughout to account for multiple comparisons. Two-tailed p 

values ≤ 0.05 were considered statistically significant. 

3.3 Results 

3.3.1 Patient Demographics and Antibody Status 

e most prevalent serum antibodies detected in those with antibodies were NMDAR 

antibodies (47%, n = 35), followed by VGKC antibodies (19%, n = 13). Two double-

positive patients were identified, one positive for both CASPR2 and VGKC antibodies 

and another positive for both CASPR2 and NMDAR antibodies and so these were 

excluded from model training. e groups were well matched for age, gender, ethnicity, 
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episode type, and illness duration. e VGKC antibody-positive group had higher 

PANSS total compared to the Control group (n = 70, p < 0.01, Kruskal-Wallis test), LGI1 

antibody positive group (n = 9, p < 0.05, Kruskal-Wallis test) and NMDAR antibody 

positive group (n = 35, p < 0.05, Kruskal-Wallis test) (Table 3-1).  

Table 3-1 Patient information, grouped by different neuronal cell surface antibodies. 

 
Ab 

negative 
(Ctrl) 

Ab 
positive 

GlyR-
Ab 

VGKC-
Ab 

CASPR2-
Ab 

LGI1-
Ab 

NMDAR-
Ab 

Number of patients 70 73 7 13 9 9 35 

Age (years), 
median (IQR) 

27 (15) 25 (13) 
24 

(10) 
23 (8) 24 (11.5) 

25 
(15) 

32 (18) 

Gender, Female, 
no. (%) 

31 (44.3) 
30 

(41.1) 
4 

(57.1) 
5 (38.5) 3 (33.3) 

1 
(11.1) 

17 (48.6) 

Ethnicity (%)        

White 71.4 67.1 100 61.5 55.6 77.8 62.9 

Asian 12.9 12.3 0 0 22.2 11.1 17.1 

Black 
(African/Caribbean) 

7.1 9.5 0 23.1 11.1 11.1 5.7 

Mixed 4.3 6.8 0 7.7 11.1 0 8.6 

Other 4.3 0 0 0 0 0 0 

Unknown 0 4.1 0 7.7 0 0 5.7 

Disease duration 
(duration from the 
episode date to the 
consent date, days), 

median (IQR) 

86 (258.8) 
103 

(244.5) 
267 

(399) 
37 (23) 230 (317) 

132 
(404) 

113 (229) 

Unknown, no. 0 4 2 1 0 1 0 

Episode type, no. 
(%) 

       

First episode 45 (64.3) 
50 

(68.5) 
7 

(100) 

13 (100) 
(adjusted 
p value 
=0.51) 

6 (66.7) 
7 

(77.8) 
17 (48.57) 

Relapse 24 (34.3) 
22 

(30.1) 
0 (0) 0 (0) 3 (33.3) 

1 
(11.1) 

18 (51.4) 

Unknown 1 (1.4) 1 (1.4) 0 (0) 0 (0) 0 (0) 1 0 (0) 



103 

 
Ab 

negative 
(Ctrl) 

Ab 
positive 

GlyR-
Ab 

VGKC-
Ab 

CASPR2-
Ab 

LGI1-
Ab 

NMDAR-
Ab 

(11.1) 

PANSS        

Total score, median 
(IQR) 

12 (6) 14 (8.8) 19 (6) 
23 

(12.5)** 
11 (8.5) 

12 
(4.5) 

13 (7) 

Unknown, no. 0 0 1 0 0 0 0 

e Kruskal-Wallis test with Dunn's multiple comparisons test was used to identify significant 
differences of each class compared to Control for numerical variables (age, PANSS scores) while 
Fisher’s exact test was used for categorical variables. Ethnicity data was analysed by comparing 
White vs Combined Asian/Black/Mixed/Other ethnic groups in Ctrl, combined VGKC/GlyR 
Group, combine NMDAR/LGI1/CASPR2 Group, as applicable to Chi-square test/Fisher’s exact 
test. *p < 0.05, ** p <0.01, ***p < 0.001 

Ctrl: control, psychosis patients tested negative for the following neuronal cell surface antibodies. 
Ab: antibody, psychosis patients tested positive for one of the following neuronal cell surface 
antibodies. GlyR: glycine receptor. VGKC: voltage-gated potassium channel complex. CASPR2: 
contactin associated protein-like 2. LGI1: leucine-rich glioma inactivated 1. NMDAR: N-
methyl-D-aspartate receptor. PANSS: Positive and Negative Syndrome Scale. IQR: Interquartile 
Range. 

3.3.2 Two Distinct Serum Biochemical Signatures were Detected by Unsupervised 

analysis, which Correspond to VGKC antibody and GlyR Antibody 

Positivity 

Unsupervised PCA (blinded to antibody status and all other demographic data) of the 

NMR metabolome alone, spontaneously separated the cohort into two distinct groups 

of n = 18 and n = 125 (Figure 3-1A). is suggests, that 18 of the patients in the cohort 

have distinct serum biochemical signatures when compared to all other samples. When 

demographic data was superimposed on to the unsupervised scores plot no association 

between this biochemically distinct group and age, gender, ethnicity, episode type, or 

disease duration was observed (Figure 3-2). However, a clear association with antibody 

status was observed (Figure 3-1B). All antibody negative, NMDAR, LGI1 and CASPR2 

antibody patients were found to fall with the predominant biochemical signature group 

while all but two VGKC antibody positive patients (85%, n = 11) and all GlyR antibody 

positive patients (100%, n = 7) fell within the ‘distinct biochemical signature’ group. 
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is suggests that the serum biochemical signature of NMDAR, LGI1, and CASPR2 

antibody psychosis patients is indistinguishable from antibody negative psychosis 

patients. In contrast, VGKC and GlyR antibody psychosis patients have a shared 

biochemical signature which is distinct. 

 

Figure 3-1 PCA scores plots of NMR serum metabolomics. (a) e NMR metabolite signature 
spontaneously separated the psychosis patient cohort into two groups: the ‘predominant 
biochemical signature group’ and the ‘distinct biochemical signature group’. (b) Psychosis 
patients who tested positive for serum antibodies against VGKC (red, n = 13) or GlyR (orange, 
n = 7) spontaneously separated from those who tested positive for CASPR2 (pink, n = 9), LGI1 
(purple, n = 9), or NMDAR (blue, n = 35) and antibody negative control (green, n = 70) samples. 
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Figure 3-2 PCA scores plot of NMR serum metabolomics coloured by potential 
confounders. e spontaneous separation of NMR metabolomics was not associated with age 
(a), gender (b), ethnicity (c), episode type (d), and disease duration (e). 

3.3.3 Significant Metabolic Imbalances Including Decreases in Serum 

Lipoproteins Along with Increased Amino Acid Concentrations were 

Observed in VGKC and GlyR Antibody Positive Psychosis Patients. 

To further understand the biochemical perturbations associated with sub-groups 

identified above, the cohort was split into three groups: (1) a VGKC and GlyR antibody 
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combined group (VGKC/GlyR, n = 20), (2) a group consisting of patients with NMDAR, 

LGI1, or CASPR2 antibodies (NMDAR/LGI1/CASPR2, n = 53), and (3) a control group 

of patients negative for all antibodies tested (Control, n = 70). Supervised OPLS-DA 

analyses were performed to build predictive models and tested on independent data 

(data that was not used to train the model) by cross-validation. 

No separation was observed between the control and NMDAR/LGI1/CASPR2 antibody 

groups in the OPLS-DA scores plot (Figure 3-3a) and the performance of the model, on 

independent test data, was not significantly better than that expected by random chance 

(Figure 3-3b, p value > 0.05, Kolmogorov-Smirnov test) confirming there are no 

detectable differences in biochemical signature between these groups in this cohort. In 

contrast, OPLS-DA was able to predict which patients, in the test data, belonged to the 

VGKC/GlyR group with 94.78 ± 0.80% accuracy, 99.76 ± 1.21% sensitivity, and 

92.75 ± 2.21% specificity (p values all < 0.001, Kolmogorov-Smirnov) relative to 

controls (Figure 3-3c,d) and 94.75 ± 0.75% accuracy, 99.60 ± 1.39% sensitivity, and 

93.11 ± 2.12% specificity (p values all < 0.001, Kolmogorov-Smirnov) relative to 

NMDAR/LGI1/CASPR2 positive patients (Figure 3-3e,f). 

e metabolites perturbed in the VGKC and GlyR antibody psychosis patients were 

identified by inspection of the variable importance of projection (VIP) scores of the 

significant OPLS-DA models described above. Significant decreases were observed in 

several fatty acid resonances within serum lipoproteins (−CH3, (−CH2-)n, -N(CH3)3, 

unsaturated fatty acid, =CH-CH2-CH2−) while several amino acids (leucine, isoleucine, 

lysine, and valine) were increased in the VGKC and GlyR antibody patients (Figure 3-4, 

Table 3-2, p values all <0.001, one-way ANOVA with Tukey’s post hoc test). 
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Figure 3-3 OPLS-DA models discriminating VGKC/GlyR (red square, n = 20) samples from 
NMDAR/LGI1/CASPR2 (blue triangle, n = 53) samples and Control (green circle, n = 70) 
samples using NMR serum metabolomic data.(a, c, e) OPLS-DA scores plots of 
NMDAR/LGI1/CASPR2 v. Control, VGKC&GlyR v. Control, VGKC/GlyR v. 
NMDAR/LGI1/CASPR2. (b, d, f) Predictive accuracy of the ensemble of the OPLS-DA models 
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compared with that of the randomly permutated null distribution. Kolmogorov-Smirnov test. 
***p < 0.001 

 

 

Figure 3-4 Levels of discriminatory serum metabolites selected by the OPLS-DA models in 
VGKC/GlyR (red, n = 20), control (green, n = 70), and 
NMDAR/LGI1/CASPR2(blue, n = 53) groups. (a–e) Decreased levels of several fatty acid 
resonances within serum lipoproteins (−CH3, (−CH2-)n, -N(CH3)3, unsaturated fatty acid, 
=CH-CH2-CH2−) in the VGKC/GlyR antibody group. (f–k) Increased levels of several amino 
acids (leucine, isoleucine, lysine, and valine), choline and glucose in the VGKC/GlyR antibody 
group. Error bars: ±SEM. One-way ANOVA with Tukey’s post-hoc corrections. ***p  <  0.001. 

 

Table 3-2 Discriminatory metabolites selected from the OPLS-DA models of VGKC/GlyR 
vs Control and OPLS-DA models of VGKC/GlyR vs NMDAR/LGI1/CASPR2. 

Discriminator
y metabolites 

Chemical 
shi of 
spectral 

bins (ppm) 

VGKC/GlyR 
: Control (p 

value) 

NMDAR/LG
I1/CASPR2 : 

Control 

VIP score 
(VGKC/GlyR 
vs Control) 

VIP score 
(VGKC/GlyR 

vs 
NMDAR/LG
I1/CASPR2) 

fatty acid (-
CH2-)n 

Chyl/VLDL 
[1.26, 1.30] 

0.24 
(<0.0001) 

1.05 3.41 3.52 

fatty acid -CH3 
HDL/LDL 

[0.86, 0.88] 
0.29 

(<0.0001) 
0.96 3.24 3.07 

leucine [0.96, 0.98] 
3.76 

(<0.0001) 
0.94 3.00 2.99 
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Discriminator
y metabolites 

Chemical 
shi of 
spectral 

bins (ppm) 

VGKC/GlyR 
: Control (p 

value) 

NMDAR/LG
I1/CASPR2 : 

Control 

VIP score 
(VGKC/GlyR 
vs Control) 

VIP score 
(VGKC/GlyR 

vs 
NMDAR/LG
I1/CASPR2) 

choline [3.20, 3.22] 
2.72 (< 
0.0001) 

0.99 2.83 2.84 

-N(CH3)3 [3.22, 3.24] 
0.34 (< 
0.0001) 

0.96 2.48 2.44 

isoleucine [0.94, 0.96] 
2.55 (< 
0.0001) 

0.95 2.04 2.05 

lysine [1.90, 1.92] 
6.68 (< 
0.0001) 

0.97 1.98 1.96 

unsaturated 
lipid 

[5.29, 5.31] 
0.15 (< 
0.0001) 

1.01 1.90 1.89 

valine [0.98, 1.00] 
2.86 (< 
0.0001) 

0.95 1.75 1.76 

=CH-CH2-
CH2- 

[2.00, 2.02] 
0.51 (< 
0.0001) 

1.01 1.70 1.69 

glucose [3.71, 3.73] 
2.11 (< 
0.0001) 

1.01 0.65 0.44 

e table shows fold changes of levels of metabolites selected from the OPLS-DA models and 
glucose. Metabolites shown above (except glucose) had a VIP score ≥ 1.7 (in the model of 
VGKC/GlyR vs Control) or ≥ 1.69 (in the model of VGKC/GlyR vs NMDAR/LGI1/CASPR2). 
e cut-off of VIP scores was decided based on the inflection point of the curve of VIP scores. 
e discriminatory metabolites in both models were identical, indicating they were metabolic 
signatures specific to VGKC/GlyR group.  

Chyl, chylomicron. VLDL, very low-density lipoprotein. HDL, high density lipoprotein. LDL, 
low density lipoprotein. VIP, variable importance in projection. OPLS-DA, orthogonal partial-
least square discriminant analysis. 

3.3.4 Patients with Elevated Serum VGKC Antibody or GlyR Antibody Have 

Significantly Higher PANSS Ratings 

To determine whether the metabolic disturbances identified in the VGKC and GlyR 

antibody patients were associated with a distinct clinical phenotype, the PANSS scores 

across these groups were investigated by comparing the median scores. VGKC and GlyR 

antibody patients had significantly higher PANSS totals than either the antibody 

negative or NMDAR, LGI1, CASPR2 antibody patients (both p values < 0.001, Kruskal-
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Wallis test with Dunn’s multiple comparisons test) (Table 3-3). In exploring the subscale 

scores, the VGKC/GlyR antibody had higher positive symptoms, negative symptoms, 

and general symptoms than the control patient groups (p values < 0.05, <0.05, and 

<0.001, respectively, Kruskal-Wallis test with Dunn’s multiple comparisons test) (Table 

3-3). In order to explore the possibility that the metabolic signature identified in the 

VGKC/GlyR group was a marker of severity of illness, a separate OPLS-DA model of 

high PANSS versus low PANSS (independent of antibody status) was built. is resulted 

in lower accuracy, sensitivity, and specificity of model, indicating that this metabolomic 

profile was not just a marker of illness severity (−30.82%, −28.91%, and −26.51% 

respectively). 

Table 3-3 Comparison of PANSS scores of patients with VGKC/GlyR antibody, 
NMDAR/LGI1/CASPR2 antibody test, and antibody negative control groups. 

e PANSS score for one VGKC/GlyR patient was not available and so was excluded from this 
table.  

e Kruskal-Wallis test with Dunn's multiple comparisons test was used to identify significant 
differences of each class for numerical variables (age, PANSS scores) while Fisher’s exact test was 
used for categorical variables. *indicates significant differences of each class compared to Ctrl. 
†indicates significant differences of each class compared to VGKC/GlyR. *p < 0.05, 
***p < 0.001. †††p < 0.001. 

Ctrl: control, psychosis patients tested negative for the following neuronal cell surface antibodies. 
VGKC/GlyR: voltage-gated potassium channel complex & glycine receptor; psychosis patients 
tested positive for either antigen. CASPR2, contactin associated protein-like 2; LGI1, leucine-
rich glioma inactivated 1; NMDAR, N-methyl-D-aspartate receptor. NMDAR/LGI1/CASPR2: 
psychosis patients tested positive for CASPR2/LGI1/NMDAR. PANSS: Positive and Negative 
Syndrome Scale. IQR: Interquartile Range.  

 
Ctrl VGKC/GlyR NMDAR/LGI1/CASPR2 

Number of patients 70 19 53 

Age (years), Median (IQR) 27 (15) 23 (8) 28 (15) 

Gender, Female, no. (%) 31 (44.3) 8 (42.1) 21 (39.6) 

PANSS, Median (IQR)    

Positive symptom score 6 (2.3) 9 (5)* 7 (3) 

Negative symptom score 3 (3) 6 (6)* 3 (3) 

General symptom score 2 (0) 5 (5)*** 2 (0)††† 

Total score 12 (6) 19 (8)*** 12 (6)††† 
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3.4 Discussion 

Unsupervised and untargeted metabolomics analysis identified a biochemical signature 

of VGKC and GlyR antibody positive psychosis which consisted of decreased fatty acid 

lipoprotein levels along with increased leucine, isoleucine, valine, lysine, free choline, 

and glucose concentrations. 

Serum lipoproteins are increasingly recognised to play a role in the immune system and 

active inflammation is commonly associated with decreased small lipoprotein particles 

such as high-density lipoproteins (HDL) and low density lipoproteins (LDL) coupled 

with an increase in triglyceride concentration and the larger, very low-density 

lipoprotein (VLDL) particles (Feingold & Grunfeld, 2000). In addition, pro-

inflammatory cytokines have been shown to induce dyslipidaemia (Klingenberg et al., 

2013) and lead to a reduction in HDL cholesterol (Haas & Mooradian, 2010). Finally, 

increasing LDL cholesterol concentration and improving HDL cholesterol efflux have 

been shown to improve C-reactive protein (CRP) associated inflammation in diseases 

such as rheumatoid arthritis (Liao et al., 2015; Robertson et al., 2017). us, the decrease 

in fatty acid lipoprotein signatures identified here are suggestive of increased 

inflammation in the VGKC and GlyR antibody-positive groups. 

Elevated plasma concentrations of branched chain amino acids (BCAA) and lysine have 

been previously reported in people with schizophrenia (Meltzer, 1989) and elevated 

BCAA inhibit transport of dopamine and serotonin precursors (tyrosine and 

tryptophan, respectively) into the brain, which can lead to anxiety and mood disorders 

(Fernstrom, 1981; Koochakpoor et al., 2021). Elevated BCAA may also lead to insulin 

resistance (Lynch & Adams, 2014; Newgard, 2012) which is associated with first-episode 

psychosis (Fehsel & Löffler, 2017). e significant increase in glucose concentration 

observed here supports this and, along with the increased BCAA levels identified, may 

be associated with the increased PANSS scores observed in the VGKC and GlyR 

antibody positive patients. 

Taken together, the metabolomics analysis suggests a distinct metabolomic phenotype 
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in VGKC and GlyR antibody positive patients which is associated with increased PANSS 

scores at presentation, and potentially increased inflammation, decreased 

neurotransmitter precursors and insulin resistance. 

e finding of a distinct metabolomic and clinical phenotype associated with VGKC 

and GlyR antibodies was somewhat against the original hypothesis. e NSAb with 

the strongest evidence for pathogenicity are the NMDAR, LGI1, and CASPR2 

antibodies, with substantial case report evidence that they have a direct effect on 

neuronal function and cause the expression of neuropsychiatric illness. Additionally, 

Chapter 2 has demonstrated the ability of metabolomics to differentiate AE patients 

associated with NMDAR, LGI1 and CASPR2 from DRE patients. erefore, distinct 

metabolic profiles were expected in psychosis patients with these NSAb.  

However, in spite of the accepted pathogenicity of these antibodies it has also been 

recognised, paradoxically, that classical measures of neuroinflammation may also be 

absent in these patients, whether that it in MRI scans, or in serum or CSF measures of 

inflammation (Dürr et al., 2021; Finke et al., 2013). e absence of a distinctive 

metabolomic profile in those with NMDAR/LGI1/CASPR2 serum antibodies in 

psychosis does not necessarily indicate that these antibodies are not having an effect in 

the brain in these patients.  

VGKC and GlyR antibodies, by contrast, do not have such a strong literature to support 

their direct pathogenicity in neuropsychiatric disorders. A particularly influential paper, 

reviewing the presence of VGKC antibodies in the absence of LGI1 or CASPR2 

antibodies in a clinical cohort at the Mayo clinic, found that the presence of the 

antibodies was not associated with an immunotherapy responsive illness (Klein et al., 

2012; van Sonderen, Schreurs, Wirtz, et al., 2016). However, this clinical sample was of 

largely older people with a range of other degenerative diagnoses, and not comparable 

to a younger cohort of people without comorbidity. It is possible therefore, in these cases 

that the VGKC antibodies were a secondary, non-specific marker of neurodegeneration.  

A further clinical study suggests that non-LGI1, non-CASPR2 VGKC antibodies are a 
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non-specific marker of an inflammatory brain condition in children. A series of patients 

were tested for antibodies, and separately rated according to clinical and paraclinical 

measures into having a likely inflammatory brain condition, or not. Of 39 patients with 

these VGKC antibodies, 30 were considered clinically to have an inflammatory 

condition. e probability of an inflammatory condition was raised with a higher titre 

of the antibody (Hacohen et al., 2015). ere are further case reports of those with 

atypical dementia or pain syndromes and VGKC antibodies that are responsive to 

immunotherapy, suggesting that these antibodies may be a marker of an inflammatory 

condition (Prüss & Lennox, 2016). Further work is now required to investigate the 

biological function and relevance of titre level of these antibodies in psychosis.  

GlyR is a glycine-gated chloride ion channel typically expressed on the surface of motor 

neurons in the brainstem and spinal cord, regulating neuronal excitability. GlyR is also 

found in the human hippocampus, but its role here is less clear (Xu & Gong, 2010). GlyR 

antibodies were first described in progressive encephalopathy with rigidity and 

myoclonus (PERM) (Hutchinson et al., 2008), and not previously described in 

association with psychiatric presentations (Swayne et al., 2018).  

Taken together, it is likely therefore that these antibodies are acting as non-specific 

markers of a possible inflammatory aetiology in these patients, rather than indicating a 

more specific VGKC or GlyR pathology. 

e association between the GlyR and VGKC antibodies and higher PANSS ratings 

overall indicates patients with these antibodies are less responsive to antipsychotic 

medication. e finding of greater negative symptoms in this group is in keeping with 

the notion that negative symptoms are the result of neuroinflammation, with 

inflammatory stimuli decreasing neural activity in the ventral striatum, decreasing 

connectivity in reward pathways, and resulting in a lack of motivation in patients 

(Feingold & Grunfeld, 2000). 

ere are limitations to this study. As this was a pilot study and a number of different 

antibodies were included, the numbers in each group were small. ere was no 
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significant difference in any of the potential confounders investigated (age, gender, 

ethnicity, episode type). Nonetheless, the effect of each potential confounder on the 

multivariate model was investigated and it was further confirmed that neither age, 

gender, ethnicity, nor episode type were contributing factors to the models (Figure 3-2). 

Prescribed medication was not recorded in participants recruited aer 2016 and it is 

possible that this could affect the metabolomic profile seen. However, in the samples 

collected prior to 2017 almost all patients were prescribed atypical antipsychotics, in 

keeping with usual clinical practice in UK. It is a reasonable assumption that similarly 

the later patients were also all prescribed an atypical antipsychotic. ere would be no 

reason why those with antibodies would systematically be given a different medication, 

although this cannot be definitely proven.  

e samples were all collected in the same brand of serum separator tube that was 

supplied by the study team, and the samples were assessed by the same researcher for 

the presence of antibodies, reducing the chance of any systematic bias. e samples were 

sent at room temperature to the study team. is led to a delay of a day or two before 

the samples were processed. is delay likely led to a degradation of samples, and a 

consequent lack of sensitivity to detect some metabolites. Additionally, motor symptoms 

were not measured in the patients to know whether there were any correlates with the 

GlyR antibodies. Finally, as no other psychiatric or neurological groups were included 

in this study, it is not possible to say whether this pattern is distinct in psychosis, or not.  

ese limitations do not detract from the main finding of a biochemically distinct 

subgroup of patients with first episode psychosis that is associated with higher PANSS 

scores and VGKC and GlyR antibody positivity, which indicates a potential 

inflammatory aetiology for a proportion of patients and gives the potential for different 

treatment approaches for these patients. Further work is now required to validate the 

biomarkers identified in a larger, prospective cohort and assess the performance of the 

multivariate diagnostic model to other inflammatory diseases of the central nervous 

system and routinely used inflammatory markers. 
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In conclusion, this chapter has demonstrated a distinct metabolic profile of a subgroup 

of patients with acute psychosis who have a more severe illness. is is particularly 

exciting, because it is these patients, resistant to current antipsychotic medication, that 

are in particular need of new therapeutic approaches. If confirmed, these findings could 

therefore lead to the trial of novel targeted treatments on the basis of individuals’ 

metabolomic profile. 
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Chapter 4: Sodium Fluoride Preserves Blood Metabolite 

Integrity for Biomarker Discovery in Large-scale, 

Multi-site Metabolomics Investigations. 

e data in this chapter has been published as: Xiong W, Anthony DC, Anthony S, Ho 

TBT, Louis E, Satsangi J, Radford-Smith DE. Sodium fluoride preserves blood 

metabolite integrity for biomarker discovery in large-scale, multi-site metabolomics 

investigations. Analyst. 2024 Feb 12;149(4):1238-1249. doi: 10.1039/d3an01359f.  

 

4.1 Introduction 

Chapters 2 and 3 demonstrated the utility of blood NMR metabolomics to identify 

patients with AE and psychosis associated with VGKC or GlyR antibodies, showcasing 

its potential as a diagnostic tool. However, translating these findings into robust clinical 

biomarkers requires validation in large, multi-centre cohorts (Vuckovic, 2012). A 

significant challenge in such studies is preserving metabolite integrity in samples, which 

can be compromised by preanalytical variations. Factors such as centrifugation speed 

and time (Jobard et al., 2016), incubation temperature (Alexander et al., 2023; Santos 

Ferreira et al., 2019b; P. Yin et al., 2013), the type of collection tube (Sotelo-Orozco et 

al., 2021b; Vignoli et al., 2022), and the number of freeze-thaw cycles (Fliniaux et al., 

2011b; Muti et al., 2023; Pinto et al., 2014b; P. Yin et al., 2013) are just some of the pre-

analytical variables known to influence metabolite composition in blood. Among these, 

the time between blood collection and erythrocyte separation, as well as the delay to 

sample storage at -80 °C, presents unique challenges in large, multi-centre clinical trials, 

where logistical constraints oen limit strict adherence to pre-defined protocols 

(Alexander et al., 2023; Anton et al., 2015b; Ellervik & Vaught, 2015). ese two factors 

have been shown to drastically influence the relative abundance of metabolites involved 

in glycolysis (Bernini et al., 2011; Brunius et al., 2017; Debik, Isaksen, et al., 2022; 

Fliniaux et al., 2011b; Fomenko et al., 2022b; Jobard et al., 2016; McClain et al., 2021; 
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Peakman & Elliott, 2008b; Pinto et al., 2014b; Santos Ferreira et al., 2019b; P. Yin et al., 

2013), as well as other metabolite classes such as lipoproteins, although evidence for the 

latter remains inconsistent (Debik, Isaksen, et al., 2022; Pinto et al., 2014b). Despite 

evidence highlighting the influence of these delays, the effect of blood tube type on 

metabolite stability under delayed centrifugation conditions has yet to be investigated. 

Ideally, standard operating procedures (SOPs) are, prospectively, put in place in advance 

of longitudinal, multicentre research projects to reduce pre-analytical variability in 

metabolite levels within and between biobanks. In practice, this may be difficult to 

achieve depending on the scale and resources of individual collection sites. Previous 

studies have demonstrated conflicting efficacy of keeping blood tubes refrigerated at 

4 °C prior to centrifugation, aliquoting, and freezing on the variability in metabolite 

levels (Alexander et al., 2023; Fliniaux et al., 2011b; Peakman & Elliott, 2008b). 

Moreover, a secure cold chain may not be feasible in all sites, and the level of compliance 

to SOPs is unclear and is oen le unreported. Most importantly, all previous studies 

addressing these pre-analytical variables treated all samples identically when varying 

time to erythrocyte separation and time at room temperature (RT). erefore, it is 

largely unsurprising that, in at least one analytical dimension, inter-individual 

differences are maintained. In practice, this identical treatment of individual differences 

does not occur; samples may be processed at any time between, for example, 0 and 

upwards of 24 hours.  

Guidelines on how to prepare samples and observations on the effects of delayed 

erythrocyte separation are insufficient to advance methods of reducing biomarker 

variability for NMR. Similarly, z-scoring of metabolite concentrations to facilitate 

comparisons across cohorts (Barrios et al., 2018; Buergel et al., 2022) impedes the 

discovery of healthy and disease-associated metabolite ranges that may be clinically 

relevant. Practical solutions to stably preserve blood metabolite levels are required, and 

clear reporting guidelines are required to explain potential non-biological between-

sample variability. 
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is chapter addresses these challenges by systematically evaluating the relative efficacy 

of sodium fluoride/potassium oxalate (FX), lithium heparin (LH), and additive-free 

serum blood tubes in preserving metabolite integrity under delayed processing 

conditions. Specifically, it investigates the impact of delays of up to 24 hours before 

centrifugation and up to 48 hours before sample measurement aer NMR sample 

preparation, with the expectation that sodium fluoride/potassium oxalate tubes, which 

inhibit glycolysis, would better preserve the metabolic state at the time of blood 

collection compared to lithium heparin or serum vacutainers. To provide broader 

context, the chapter also examines global NMR-based metabolite variability across 

biobanks, including large-scale resources such as the UK Biobank and TwinsUK, as well 

as biobanks from multicentre clinical trials focused on inflammatory bowel disease 

(IBD). Finally, the blood metabolome of 12 healthy adult volunteers was analysed to 

compare the effects of different blood tube types and pre-processing parameters, aiming 

to determine the optimal tube type for preserving an individual’s blood metabolomic 

fingerprint under significantly delayed processing conditions. 

4.2 Methods 

4.2.1 UK Biobank 

e UK Biobank is a general population cohort recruited from 22 assessment centres 

across England, Scotland, and Wales between 2006 and 2010 (UK Biobank, 2024). It 

comprises 502,411 individuals of middle and old age (mean 56.5 years, range 37-73 

years). Written, informed consent was provided by all participants. e UK Biobank has 

generic ethical approval from the Northwest Multi-centre Research Ethics Committee 

(ref 11/NW/03820). e current study is registered under the approved research ID 

95409. At the time of this study, NMR metabolomic data was available on ~120,000 

participants. Individuals were typically non-fasting prior to blood sampling (median 

fasting time 3 hours, standard deviation 2.4 hours). Whole blood was collected into 

spray-coated K2EDTA tubes and immediately centrifuged at 2,500 × g for 10 minutes at 

4 °C. Plasma was not aliquoted. Rather, tubes were transported to a central storage 
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facility at 4 °C for aliquoting and archiving at -80 °C (mean time from venepuncture to 

freezing 24 hours, standard deviation 2.5 hours) (Allen et al., 2021). Acquisition of NMR 

metabolite data was performed by Nightingale Health Ltd, with detailed methods 

described in (Julkunen et al., 2023).  

4.2.2 TwinsUK 

TwinsUK is a volunteer twins cohort in the United Kingdom (Moayyeri et al., 2013). 

Generic ethic approval was obtained from Guys & St omas’ Trust ethics committee. 

At the time of this study, NMR metabolomic data was available on ~2,000 female 

individuals across up to three timepoints (total samples 4,830) collected between 1996 

and 2014. e mean age at blood sampling was 59.4 years (range 34-88 years). Samples 

were collected aer a minimum fast of 6 hours into serum separator blood tubes (BD 

Vacutainer® SST™). e tubes were then allowed to rest aer 3-time inversions for 40 

minutes at 4 °C. Samples were centrifuged for 10 minutes at 1,439 × g. Serum was 

collected immediately and stored at -45 °C (Yu et al., 2012). Acquisition of NMR 

metabolite data was performed by Nightingale Health Ltd, with detailed methods 

described in (Barrios et al., 2018). 

4.2.3 STORI 

e STORI trial (2006 - 2009) investigated the risk of relapse in Crohn’s disease aer 

cessation of infliximab in patients who had achieved prolonged remission on 

combination therapy: infliximab alongside antimetabolites (Louis et al., 2012). Patients 

with a baseline serum aliquot available for analysis were included in the study (n = 97). 

4.2.4 SPARE 

e SPARE trial (2015 - 2021) sought to evaluate three treatment approaches for Crohn's 

disease patients in steroid-free remission due to combined infliximab and 

immunosuppressant therapy: maintaining the combination, continuing only the 

immunosuppressant, or continuing only infliximab (Louis et al., 2023). A subgroup of 

patients from the SPARE trial who had been randomised to infliximab withdrawal and 



120 

had a baseline serum aliquot available were included for analysis (n = 63). 

In both STORI and SPARE, biomarkers associated with relapse was a pre-defined 

secondary endpoint. Blood was collected into BD Vacutainer SST II Advance Tubes (BD 

367958), allowed to clot, and centrifuged at room temperature for 10 minutes at 3,000 

g. e target for clotting time at room temperature was between 0.5 and 2 h, and the 

target time-to-freezing of serum aliquots was within 4 hours of the blood draw. Serum 

aliquots were then stored at -80 °C. All patients provided informed consent and ethical 

approval was obtained. All patients had been treated with a combination therapy of 

infliximab (IFX) and anti-metabolite > 8 months and had been in sustained steroid-free 

remission > 6 months. Patients were not fasted prior to blood collection. 

4.2.5 Healthy Volunteers and Controlled Variation of Pre-analytical Parameters 

12 healthy volunteers were recruited from Oxford, UK (mean age 30.3 years, range 23-

53 years). Blood was collected under informed written consent. Local ethical approval 

was obtained from the University of Oxford Medical Sciences Interdivisional Research 

Ethics Committee. 

Blood was collected into BD Vacutainer blood tubes under the conditions described in 

Table 4-1. Vacutainer tubes were centrifuged initially at 300 × g for 10 minutes at 4 °C. 

Aer the supernatant (either serum or plasma) was carefully collected into a new tube, 

the sample was again centrifuged at 5,000 g for 10 minutes at 4 °C and the supernatant 

collected into a new tube and stored at -80 °C prior to sample preparation. 

Table 4-1 Summary of pre-analytical parameters in the healthy volunteer cohort. n = 12 per 
condition. 

Tube 
Time to 

centrifugation, h 
(temperature) 

Delay between sample preparation 
and measurement, h (temperature) 

Serum 
(Red, BD 367837) 

0.5 (RT) 

24 (RT) 

24 (4 °C) 

0 (RT), 12 (4 °C), 24 (4 °C), 48 (4 °C) 

0 (RT) 

0 (RT) 

Lithium Heparin Plasma 0.5 (RT) 0 (RT), 12 (4 °C), 24 (4 °C), 48 (4 °C) 
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(Green, BD 367885) 24 (RT) 

24 (4 °C) 

0 (RT) 

0 (RT) 

Fluoride/Oxalate Plasma 
(Grey, BD 368921) 

0.5 (RT) 

24 (RT) 

24 (4 °C) 

0 (RT), 12 (4 °C), 24 (4 °C), 48 (4 °C) 

0 (RT) 

0 (RT) 

 

4.2.6 NMR spectroscopy 

NMR spectroscopy and global metabolite quantification from serum and plasma was 

performed in-house for the SPARE, STORI, and healthy volunteer cohorts. On the day 

of NMR spectroscopy, serum or plasma samples were thawed at room temperature, 

mixed by pipetting, and combined with 75 mM sodium phosphate buffer prepared in 

D2O (pH 7.4) as a 1:5 ratio of serum to buffer (total volume 600 µL) in a 5 mm 

borosilicate glass NMR tube (Norell 502–7). 

NMR experiments and spectral processing were conducted as previously described in 

Section 2.2. 1D NOESY and CPMG-PROJECT experiments were conducted on each 

sample, and CPMG-PROJECT spectra were used for downstream analysis. 

e NMR spectra were segmented into 100 integral regions using a manual binning 

approach, with exclusion of noise and water signals. Metabolite peaks were integrated 

carefully to minimise overlapping and were aligned with literature assignments. 

Resonances were assigned to metabolites using a combination of literature values and 

2D spectra of human plasma and serum, leading to the confident identification of 39 

metabolites. Spectral regions with overlapped metabolites were annotated in the 

assignment using a '/' and '[]' notation. e absolute integral values were subject to the 

main statistical analysis unless stated otherwise. Additional statistical analyses using 

probabilistic quotient normalisation (PQN) and sum normalisation were also 

performed. In the healthy control cohort, lactate and glucose levels were also calculated 

based on the absolute millimolar concentration using a standard curve. 
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4.2.7 Statistical Analysis 

Aer pareto scaling of the absolute integral values, PCA was performed using the ropls 

package to visualise and compare individual metabolite profiles in an unsupervised 

fashion (évenot et al., 2015a). Post-hoc analysis of TwinsUK, STORI, and SPARE 

NMR data was limited to univariate t-testing of glucose and lactate metabolite levels, 

based on inspection of the corresponding PCA loadings plots. UK Biobank NMR 

metabolite data were further correlated against time of day of blood collection, fasting 

time, and delay in sample measurement using Pearson's correlation. In the healthy 

control cohort, individual metabolites (39 identified metabolites) were subject to 

repeated measures two-way ANOVA with Šidák post hoc test (Singmann et al., 2015), 

and Benjamini–Hochberg method was used for p value adjustment to control the false 

discovery rate across all metabolites. Adjusted two-tailed p values (q values) ≤ 0.05 were 

considered statistically significant. * p ≤ 0.05, ** p ≤ 0.01, *** p ≤ 0.001. 

4.3 Results 

4.3.1 Lactate and Glucose Drive Metabolite Variation Between and Within 

Biobanks. 

NMR metabolite data was collated between the UK Biobank and TwinsUK cohorts. As 

the TwinsUK cohort is predominately female sex, a female cohort from the UK Biobank 

(n = 4,830) was randomly sampled for comparison. Principal component analysis 

revealed greater variation in the metabolome within the UK Biobank cohort compared 

to the TwinsUK cohort along the first principal component, as well as systematic 

variation between the two biobanks along the same component (Figure 4-1A). 

Inspection of the corresponding loadings plot revealed the key role of lactate in driving 

this variation along the first principal component, and glucose in driving within-

biobank variation along the second principal component (Figure 4-1B). 

Lactate levels were increased in the UK Biobank cohort (mean 3.7) relative to the 

TwinsUK cohort (mean 1.37; mean difference 2.36 [Welch’s t-test 95% CI 2.33-2.40], p 
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value < 0.0001, Figure 4-1C). Glucose levels were decreased in the UK Biobank cohort 

(mean 3.48) relative to the TwinsUK cohort (mean 3.76; mean difference 0.29 [Welch’s 

t-test 95%CI 0.26-0.31], p value < 0.0001, Figure 4-1D). Analysis of available metadata 

from the UK Biobank revealed systematic linear variation in plasma lactate (Pearson’s r 

= -0.26, n = 118,021, p value < 0.0001, Figure 4-1E) and glucose (Pearson’s r = 0.16, n = 

118,021, p value < 0.0001, Figure 4-1F) levels according to the time of sample collection. 

is may correspond to a systematic delay between sample collection and centrifugation 

according to queued collected samples. Samples collected earlier in the day likely had a 

delayed processing time as compared to samples collected later in the day. 
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Figure 4-1 Lactate and glucose levels drive variation in the blood metabolome within and 
between biobanks.(A) PCA plot and (B) corresponding loadings plot of TwinsUK and sampled 
female UK Biobank participants with blood metabolomics data. (C, D) Boxplots comparing 
lactate (C) and glucose (D) levels in participants between the UK Biobank and TwinsUK study 
indicate systematically elevated lactate levels and decreased glucose levels in the UK Biobank, 
both p < 0.0001. (E, F) Pearson correlation between time of day of sample collection and lactate 
or glucose concentration in the UK Biobank samples, both p < 0.0001.  
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As a second example, and on a smaller scale, lactate and glucose were also found to drive 

serum metabolome variation between clinical biobank data pertaining to the SPARE 

and STORI cohorts (Figure 4-2). Here, data acquisition and relative metabolite 

quantification were performed in-house. e PCA scores plot (Figure 4-2A) and 

corresponding loadings plot (Figure 4-2B) illustrate systematic variation in lactate and 

glucose levels along the second principal component. Glucose levels were decreased in 

the STORI cohort (mean 0.0058) relative to the SPARE cohort (mean 0.011; mean 

difference 0.0055 [Welch’s t-test 95%CI 0.0046-0.63], p value < 0.0001). Lactate levels 

were increased in the STORI cohort (mean 0.13) relative to the SPARE cohort (mean 

0.053; mean difference 0.073 [Welch’s t-test 95%CI 0.064-0.082], p value < 0.0001). 

ese differences are visualised in the median NMR spectrum of each cohort (Figure 

4-2E). 
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Figure 4-2 Lactate and glucose levels contribute to blood metabolite variation between 
discovery and validation cohorts in clinical trials. (A) PCA plot and (B) corresponding 
loadings plot of the SPARE and STORI participant baseline serum metabolomics data. (C, D) 
Variation between cohorts is driven by serum glucose and lactate resonances, both p < 0.0001. 
(E) Median NMR spectrum of SPARE and STORI samples. 

 

4.3.2 Effects of Delayed Sample Measurement on Absolute Plasma and Serum 

Metabolite Concentrations. 

UK Biobank metabolomic metadata was used to determine the effect of time between 
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sample preparation and measurement on plasma metabolite levels. Approximately 25% 

of samples were run within 12 hours of sample preparation, 63% within 24 hours, and 

97% within 48 hours (Figure 4-3A). e top six metabolites had a Pearson correlation 

coefficient > 0.1 (p < 0.0001) and are shown in Figure 4-3B-G. Plasma histidine 

concentration showed a strong negative correlation with time to sample preparation 

(Pearson’s r = -0.36, Figure 3B). Glycine (r = -0.14), glutamine (r = -0.13), phenylalanine 

(r = -0.09), citrate (r = -0.10) were also negative correlated with time to sample 

preparation, while free cholesterol in intermediate density lipoprotein (r = 0.10) was 

positive correlated (Figure 4-3C-G, respectively). 
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Figure 4-3 Histidine is the metabolite predominately affected by delayed sample 
measurement in the UK Biobank. Line graph indicating the percentage of plasma samples 
analysed by NMR once prepared for analysis, within a given timeframe (A). Pearson correlation 
between time to sample measurement by NMR and histidine (B), glycine (C), glutamine (D), 
phenylalanine (E), citrate (F), and IDL_FC_pct (Free cholesterol to total lipids ratio in 
intermediate density lipoproteins)(G), all p < 0.0001. 

In the healthy control cohort (n = 12 per condition), delayed sample measurement 
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resulted in detectable changes in the metabolome (Figure 4-4). Consistent with data 

from the UK Biobank, the effect of delayed sample measurement was small relative to 

interindividual variation. Most samples shied in the second component in the PCA 

scores plot, driven by decreased levels of glucose, high-density lipoprotein (HDL) and 

glycerophosocholine. e stability of the serum/plasma metabolome was maintained 

even aer a 12-hour delay in NMR measurement, as demonstrated by minimal changes 

in metabolite levels (Figure 4-5). However, when LH Plasma samples were subjected to 

a 24-hour delay in measurement, a significant decrease was observed in 31 out of 39 

metabolites (repeated measures two-way ANOVA with Šidák post hoc test). Notably, it 

was observed that LH Plasma samples started forming precipitates aer 12 hours, and 

all samples exhibited precipitates aer 24 hours. In contrast, Serum and FX Plasma 

demonstrated better stability than LH Plasma aer a 24-hour and even 48-hour delay in 

measurement as indicated by changes in percentages of most metabolites below 10% 

and significant alterations observed in only a few metabolites. e majority of 

metabolites showed a decreasing trend resulting from the delay in measurement, except 

for glutamate, which tended to increase over time, particularly in FX Plasma (Figure 

4-5). Albumin, phosphocholine, glycerophosphocholine and glucose levels significantly 

decrease aer 24 hours in at least two types of plasma/serum samples. Aligning with the 

observations in the UK Biobank dataset, histidine and glutamine levels tend to decrease 

over time, especially aer 24 hours in LH Plasma (Figure 4-5).  



130 

 

Figure 4-4 Variation in the metabolome due to delayed sample measurement is small 
compared to interindividual variation in the healthy control cohort. PCA scores plot (A) 
demonstrating the effect of delayed NMR measurement on LH plasma samples (A), serum (C), 
and FX (E). Each line connects samples from the same individual. Loadings plot (B, D, F) 
illustrating the metabolites that contribute to the variation observed in principal component 1 
and 2.  



131 

 

Figure 4-5 Effects of delayed sample measurement on metabolites. (A) Heatmap displaying 
percentage changes in metabolite levels resulting from varied delays in NMR measurement 
across three types of plasma/serum. e numbers in square brackets represent the 
corresponding spectral region boundaries in parts per million (ppm). Percentage changes 
calculated from absolute integral values and compared to the optimum processing condition. 
Significant differences in means of metabolites were represented by * (q < 0.05). (B-D) Boxplots 
presenting the effect of delayed NMR measurement on levels of histidine, glutamine, and 
glutamate. “/” indicates the mentioned metabolites are overlapped in the spectral region. 
Metabolite names in square brackets refers to non-dominant overlapping metabolites also found 
in that spectral region. 

4.3.3 Metabolite Differences by Tube Type Using Optimal Processing Parameters 

in the Healthy Control Cohort. 

e abundances of metabolites were then investigated to determine how they differed 

between BD Vacutainers under optimal processing conditions. Absolute metabolite 

concentrations of LH plasma (green) and serum (red) tubes were comparable (Figure 
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4-6). In contrast, the total integral of the spectra (spectral intensity) from FX plasma 

(grey) was reduced in both the NOESY and CPMG experiments due to the decline in 

albumin and lipoprotein levels in FX plasma (Figure 4-6). When using a PQN or sum-

normalised approach to adjust for the total integral between samples and make FX 

plasma comparable, few differences remained between tube types. Branched chain 

amino acids (BCAAs, including leucine, isoleucine, valine) were increased in FX tubes 

relative to LH plasma and serum. And 3-hydroxybutyrate levels increased in FX plasma 

compared to LH plasma and serum, potentially influenced by variations in the 

lipoprotein line shape. 
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Figure 4-6 Differences in the metabolome exist by blood collection tube under optimal 
processing conditions. (A) PCA scores plot showing the effect of different blood tubes on 
samples under optimal processing conditions. (C, D) Mean NOESY/CPMG spectra of LH 
plasma (Green), serum (red) and FX Plasma (Grey). (E, F) Heatmap displaying percentage 
changes in metabolite levels three types of plasma/serum. e numbers in square brackets 
represent the corresponding spectral region boundaries in parts per million (ppm). Percentage 
changes calculated from absolute (E) / sum-normalised (F) integral values and compared to LH 
Plasma. Significant differences in means of metabolites were represented by * (q < 0.05). 

4.3.4 Evaluation of a Fluoride/Oxalate Additive to Preserve Inter-individual 

Metabolite Variation using Realistic Timepoints. 

Lastly, the potential of a BD Vacutainer containing sodium fluoride and potassium 

oxalate to mitigate preanalytical variation in the individual blood metabolome was 

investigated. As expected, 24-hours at either RT or 4 °C resulted in an increase in lactate 

and a decrease in glucose when stored in either LH plasma or serum tubes (Figure 4-7, 

Figure 4-8). When LH Plasma samples were centrifuged aer a 24-hour delay at 4 °C, 

the lactate levels increased 34% and the glucose levels decreased 18%. e alterations 

were similar for the serum samples, and further exacerbated when the samples were le 

at RT prior to centrifugation. Conversely, FX tubes effectively prevented anaerobic 

glycolysis for at least 24-hours at RT. Only 7% decrease was observed in glucose levels 

when FX Plasma samples were centrifuged aer a 24-hour delay at 4 °C. It should be 

noted that as demonstrated previously, glucose levels decreased 6% in FX Plasma (q = 

0.096, repeated measure two-way ANOVA, sidak post hoc, FDR correction across 

metabolites) aer 24 hours delay in NMR measurement at 4 °C. erefore, the decrease 

of glucose in FX tubes was likely due to general degradation not due to anaerobic 

glycolysis.  

Moreover, the combination of using FX tubes and refrigerating the blood tube during 

the pre-processing interval effectively prevented metabolite variation between an 

optimal, 30-minute pre-centrifugation delay and the 24-hour delay (Figure 4-8C). 

Without refrigeration, glutamate and glutamine levels changed dramatically aer 24 

hours at RT. 
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Figure 4-7 Delay in centrifugation led to alteration in glucose and lactate levels. PCA scores 
plot (A, C) demonstrating the influence of different pre-processing conditions on samples, 
specifically observed in PC2. Loadings plot (B, D) of the PCA highlighting glucose and lactate 
as contributors to the variation observed in PC2, while lipoproteins and fatty acids as 
contributors to individual variation observed in PC1. 
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Figure 4-8 Fluoride oxalate blood collection tubes prevent changes to the metabolome for 
at least 24 hours when stored at 4°C. Boxplots showing increased lactate levels (A) and 
decreased glucose levels (B) in delayed pre-processing conditions for LH Plasma and Serum, 
but not in FX Plasma. Heatmap (C) presenting percentage changes in metabolite levels resulting 
from varied pre-processing conditions across three types of plasma/serum. Percentage changes 
calculated from absolute integral values and compared to the optimum pre-processing 
condition. Significant differences in means of metabolites were represented by * (q < 0.05). 

 

4.4 Discussion 

Blood is the principal biofluid utilised in epidemiological studies utilising metabolomics 

to predict disease onset, severity, and treatment response. Fluoride oxalate vacutainer 

blood collection tubes were hypothesised to be a more appropriate blood tube for 

metabolome studies. To test this, the effect of preanalytical variation in blood sample 

handling were systematically investigated in lithium heparin, fluoride oxalate, and 

serum blood tubes. is chapter demonstrates, for the first time, that the use of FX 

plasma tubes in combination with refrigeration at 4 °C negates metabolome variation 
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due to preanalytical factors. is is important, as lactate and glucose are established 

biomarkers for the early diagnosis of cancer (E. Goldberg et al., 2021; Larkin et al., 

2022b). Furthermore, they may prove important to the diagnosis and prediction of other 

diseases when integrated into multivariate blood metabolite algorithms (Buergel et al., 

2022). For example, they are also among discriminatory metabolites identified for AE 

and VGKC/GlyR antibody-mediated psychosis as demonstrated in Chapter 2 and 3. 

ese findings suggest that fluoride oxalate tubes could be beneficial in metabolomic 

studies where there is variability in blood processing times, pending further validation 

with a broader range of metabolites and larger sample sizes. 

Initial investigations revealed that much of the variation in metabolite levels within and 

between blood biobank cohorts could be attributed to variations in glycolysis 

metabolites. is variation is attributed to residual anaerobic glycolysis occurring when 

erythrocyte separation from serum or plasma is delayed. Delayed sample processing due 

to a high volume of samples being processed (UK Biobank) or collection methods where 

the rapid processing of bloods was not prioritised (STORI) led to increased lactate and 

decreased glucose resonances compared to cohorts where rapid blood processing was 

prioritised (TwinsUK and SPARE cohorts). As normal lactate levels are < 2 mmol 

(Foucher & Tubben, n.d.), the absolute concentrations reported in the UK Biobank are 

not suitable for clinical translation. 

Sodium fluoride and potassium oxalate act in concert to inhibit glycolysis in blood 

samples (Gambino, 2013). Specifically, sodium fluoride inhibits the enzyme enolase, 

which catalyses the conversion of 2-phosphoglycerate (2-PG) into 

phosphoenolpyruvate (PEP), the penultimate step in glycolysis. Potassium oxalate 

precipitates calcium ions to inhibit the clotting cascade. Fluoride oxalate tubes, as 

expected, showed baseline differences in amino acid levels and glycolytic metabolites 

compared to serum (Sotelo-Orozco et al., 2021b). Consistent with other studies, the 

metabolite profile of serum and lithium heparin plasma were comparable (Sotelo-

Orozco et al., 2021b), and behaved similarly in response to delayed erythrocyte 
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separation (Debik, Isaksen, et al., 2022). 

Previous studies have documented the effects of delayed erythrocyte separation on 

metabolite levels as quantified by NMR-based metabolomics techniques (Alexander et 

al., 2023; Bernini et al., 2011; Brunius et al., 2017; Cruickshank-Quinn et al., 2018; Debik, 

Isaksen, et al., 2022; Ellervik & Vaught, 2015; Fomenko et al., 2022b; Jobard et al., 2016; 

Muti et al., 2023; Pinto et al., 2014b; Santos Ferreira et al., 2019b). Consistent with these 

findings, lactate and glucose are typically most affected. However, in contrast to other 

reports (Fliniaux et al., 2011b), the chapter also clearly shows in both the UK Biobank 

and healthy volunteer data that residual glycolytic metabolism does occur (in the 

absence of an inhibitor of glycolysis) even when blood is stored at 4 °C prior to 

centrifugation. 

Aer separation of serum or plasma from erythrocytes, metabolite variation is minimal. 

In the UK Biobank cohort, only histidine showed a significant effect of delay in sample 

measurement (r = -0.39) compared to interindividual biological variation. Other 

metabolites, while significantly correlated with measurement delay, showed smaller 

effect sizes between 0.01 and 0.21 which are less relevant relative to the observed 

interindividual variation. Similarly, in the healthy volunteer study, a delay in sample 

measurement over a similar timeframe, for up to 48 hours at 4 °C, resulted in minimal 

metabolite variation, aligning with findings from the UK Biobank data and early UK 

Biobank pilot studies that tested delays of up to 24 hours at 4 °C (Barton et al., 2008). 

Such variation is suitable to be corrected by previously described statistical methods 

(Ritchie et al., 2023). 

ese findings provide suggestions for reporting preanalytical variation to aid in the 

synergy of future metabolomic studies. e proposed reporting guideline consists of key 

information relating to the individual, the pre-processing variables, and the post-

processing variables that may differ between samples in a single study (Table 4-2). e 

guidelines do not include variables that should be controlled for within a study and 

ideally between studies, for example, long-term storage temperature of frozen samples, 
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and NMR spectra acquisition parameters. Analysis of the UK Biobank data also shows 

that fasting time can strongly influence the concentration of certain metabolites, 

primarily ketone bodies (Figure 4-9). Recording the time of blood collection, 

centrifugation, and storage temperatures allows studies to monitor SOP compliance, for 

which data is sorely lacking in biomarker research, and may also help identify mistreated 

samples. e UK Biobank has implemented pipelines that allow for automated reporting 

of key information. For example, barcoded blood tubes were used that, when scanned, 

allowed for automated logging of sample collection and processing (Downey & 

Peakman, 2008). 

Table 4-2 Key reporting parameters for blood metabolomic profiling by NMR in cohort 
studies 

Variable Reported by 

Time since last meal (hours) Participant 

Time of blood collection 

Storage temperature pre-centrifugation 

Phlebotomist 

Phlebotomist 

Time centrifuged 

Temperature during centrifugation 

Blood processing technician 

Blood processing technician 

Blood processing technician Time frozen 

Time of NMR sample preparation 

Storage temperature pre-data acquisition 

NMR technician 

NMR technician 

NMR technician Time of data acquisition 
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Figure 4-9 Levels of certain metabolites, primarily ketone bodies, were correlated with 
fasting time. 

ere are some limitations of this study. e comparison between the UK Biobank and 

TwinsUK metabolomics datasets was restricted to non-lipid data, such as amino acids 

and energy metabolites, due to non-overlapping metabolite data and uncertainty in how 

these values were derived between the two cohorts. While the study provided insights 

using NMR-based metabolite profiling, which focused on metabolites commonly 

assayed by this technique, the scope was limited with respect to the range of metabolites 

analysed. Future research could extend these findings by incorporating a broader 

spectrum of metabolomic analyses, including mass spectrometry and advanced 

lipoprotein assays, as well as labile metabolites detectable by NMR such as coenzymes 
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and antioxidants (Nagana Gowda et al., 2023), to provide a more comprehensive 

understanding of preanalytical variability across different platforms. 

In the healthy control cohort, blood storage in fluoride oxalate tubes resulted in a slight 

negative bias in glucose levels under optimal processing conditions, which is consistent 

with previous reports (Waring et al., 2007). is bias did not show variation over time. 

is relative negative bias may be partly attributed to the dilutional effect of the 

NaF/KOx additive in the collection tube (Waring et al., 2007). e systematic nature of 

this difference should not influence metabolome variability when fluoride oxalate tubes 

are used across and between studies. Studies have also shown that both sodium fluoride 

(Lippi et al., 2018) and potassium oxalate (Elferink, 1987) have the potential to cause 

haemolysis aer prolonged standing time at room temperature. Alternative methods to 

inhibit glycolysis, such as citrate-buffered tubes, have been proposed (Lippi et al., 2018). 

Although these tubes are less prone to haemolysis over time, their additives interfere 

with NMR spectra and the concentrations of nearby metabolites (Sotelo-Orozco et al., 

2021b). In this study, haemolysis was detected only in fluoride oxalate tubes le at room 

temperature, and not at 4 °C. To address these challenges, the development of novel 

additives that inhibit major metabolic pathways in blood while preventing haemolysis 

and maintaining compatibility with metabolomic analysis is encouraged. 

4.5 Conclusions 

Pre-analytical variation in blood sample collection cause variation within and between 

biobank biomarker studies. ree blood collection tubes were trialled with the aim of 

solving technical challenges due to preanalytical variation in blood metabolite levels that 

are common in cohort studies. is chapter found that a combination of refrigeration at 

4 °C and the use of a fluoride/oxalate additive prevented changes in metabolite levels, as 

compared to optimal processing parameters, for at least 24 hours prior to erythrocyte 

separation. Additionally, the effect of delayed sample measurement on the stability of 

quantified metabolites was small, but dependent on the type of blood collection tube 

used at the pre-processing stage. Based on these findings, a short list of key reporting 



142 

guidelines was devised to improve the reproducibility of blood metabolite signatures as 

biomarkers of health and disease in future cohort studies. 
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Chapter 5: Extraction Methods for Brain Biopsy NMR 

Metabolomics: Balancing Metabolite Stability and 

Protein Precipitation 

e data in this chapter has been published as Xiong, W.; Zirpel, F.; Cader, M.Z.; 

Anthony, D.C.; Probert, F. Extraction Methods for Brain Biopsy NMR Metabolomics: 

Balancing Metabolite Stability and Protein Precipitation. Metabolites 2024, 14, 609. 

https://doi.org/10.3390/metabo14110609. 

5.1 Introduction 

Chapters 2-4 demonstrated the utility of NMR metabolomics in blood (serum/plasma) 

analysis as a potential diagnostic tool. Beyond blood, NMR metabolomics also holds 

significant promise for brain tissue analysis, providing a direct window into metabolic 

alterations associated with CNS pathologies. is approach could extend to human 

brain biopsies in clinical settings, where metabolomics offers complementary insights 

to histological analysis, enhancing diagnostic precision. 

However, as with blood metabolomics discussed in Chapter 4, brain metabolomics also 

faces challenges from pre-analytical variations. Unlike blood analysis, brain 

metabolomics necessitates the extraction of metabolites from tissues, introducing 

additional variables such as extraction efficiency, reproducibility, and metabolite 

stability during and aer preparation.  

To date, no research has investigated brain metabolite integrity aer NMR sample 

preparation, nor the relationship between metabolite stability and residual protein levels 

across different extraction methods. is is important yet oen neglected because delays 

between sample preparation and analytical measurement are common in NMR-based 

metabolomics, especially in studies with large sample sizes. In metabolomic studies, 

samples are usually prepared in batches and queued for NMR analysis. Insufficient 

protein denaturation or precipitation could lead to ongoing enzymatic reactions during 
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this interval, thereby altering the metabolites.  

is chapter aims to bridge this gap by evaluating whether such alterations exist with 

commonly used extraction methods, understanding their impact, and identifying ways 

to control them. By minimising the effects of preanalytical variability, the measured 

metabolites can more accurately reflect the in vivo state, leading to reliable 

interpretation. Specifically, this chapter will assess the extraction performance of various 

solvents on mouse brain tissues, focusing on extraction efficiency, reproducibility, 

metabolite stability up to eight hours post-NMR sample preparation, and residual 

protein concentrations (Figure 5-1). e hypothesis is that adequate protein 

precipitation will preserve metabolite integrity during delays between sample 

preparation and analytical measurement, thereby providing more reliable NMR-based 

metabolic profiles. 

For the evaluation, 11 extraction methods were included: acetonitrile (MeCN, 50%, 67%, 

80%, 100% v/v), methanol (MeOH, 50%, 67%, 80%, 100% v/v), 

methanol/water/chloroform (MeOH/H2O/CHCl3, 2:1:2, v/v), 50% MeCN with 

ultrafiltration, and 50% MeOH with ultrafiltration. Acetonitrile and methanol were 

selected as the primary extraction solvents due to their ability to precipitate proteins, 

extract wide ranges of metabolites and their widespread application in metabolomics 

(Mushtaq et al., 2014). Acetonitrile is relatively less polar than methanol, making it less 

soluble for proteins (Blanchard, 1981), while methanol is relatively more polar, thereby 

providing increased solubility for polar metabolites (Nagana Gowda et al., 2015). e 

ratio of organic solvent to water is important for efficient protein removal (Blanchard, 

1981). Varying concentrations of methanol and acetonitrile were included to find a 

balance between metabolite recovery and sufficient protein precipitation. In this study, 

50% MeOH and 50% MeCN were used as negative controls due to an observed 

instability of key metabolites with their use. ese methods provided a baseline for 

comparison, allowing us to evaluate the performance of more optimised extraction 

protocols in maintaining metabolite stability. e methanol/water/chloroform method, 
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widely used in brain extraction since its description by Folch (Folch et al., 1951), was 

also included. Improved protein precipitation was expected as the decreased polarity of 

chloroform and the formation of two distinct phases of methanol/chloroform causes 

proteins to precipitate at the interface. It has been suggested that the addition of 

chloroform may be required for sufficient lipid removal from lipid-rich tissues such as 

the brain (Lin et al., 2007). Finally, the use of ultrafiltration with a molecular weight cut-

off (MWCO) filter was included as a positive control for protein removal. 
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Figure 5-1 Workflow of sample preparation and NMR acquisition for metabolic profiling of 
brain tissues using various extraction methods. (a) Steps for brain metabolite extraction. (b) 
Flow of 1H NMR data acquisition and data analysis. e criteria for good extraction efficiency 
and reproducibility are defined as having a relative extraction efficiency greater than 0.7 and a 
median relative standard deviation (RSD) of less than 20%. UF, ultrafiltration. N, no. Y, yes. 
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5.2 Methods 

5.2.1 Brain Tissues 

Brain tissues were collected from C57BL/6/J mice, aer the animals were terminally 

anesthetised with isoflurane and transcardially perfused with heparinised saline (5,000 

USP/L). Samples were stored at -80 °C until they were used for experimental purposes. 

Snap-frozen brain tissues were pooled and homogenised using a pestle and mortar on 

dry ice, a widely recognised method in metabolomics for ensuring consistency across 

biological replicates (Andresen et al., 2022; Beckonert et al., 2007; Diémé et al., 2017; 

Fomenko et al., 2022a; Lin et al., 2007). A brain mass of 30 mg (resulting in 42 replicates 

with a mean of 30.6 ± 0.7 mg) was selected for further extraction based on a balance 

between metabolite detection sensitivity and tissue conservation (Beckonert et al., 2007). 

5.2.2 Brain Metabolite Extraction 

Detailed procedures of the 11 extraction protocols used were as follows. e protocols 

were adapted based on previous experience and the existing literature (Andresen et al., 

2022; Beckonert et al., 2007; Diémé et al., 2017; Fomenko et al., 2022a; Lin et al., 2007).  

5.2.2.1 MeCN/H2O Extraction Protocol 

For each sample, a ratio of 8-to-1 (in microliters per milligram of sample) of a cold 

acetonitrile-water mixture was added, with concentrations ranging from 50% to 100% 

(v/v). is mixture was vigorously shaken using a vortex for 30 seconds to ensure 

thorough mixing. It was then incubated on ice for 15 minutes, followed by 

centrifugation at 16,000 x g for 15 minutes at 4 °C. 200 microliters of the clear 

supernatant from each sample was collected and diluted with H2O to adjust the final 

acetonitrile concentration to 40%, enabling it to be freeze-dried effectively. Subsequently, 

these diluted extracts were then freeze-dried and stored at -80 °C until required for 

NMR analysis. 
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5.2.2.2 MeOH/H2O Extraction Protocol 

For each sample, a cold methanol-water mixture with varying concentrations (50%, 67%, 

80%, and 100% v/v) was added at a ratio of 8 microliters per milligram of sample. 

Following addition, the samples were vigorously mixed using a vortex mixer for 30 

seconds, incubated on ice for 15 minutes, and then centrifuged at 16,000 x g for 15 

minutes at 4 °C. From each sample, 200 microliters of the supernatant were carefully 

collected. ese collected supernatants were further diluted with H2O to achieve a final 

methanol concentration of 20%. e resulting extracts were then freeze-dried and 

stored at -80 °C until required for NMR analysis. 

5.2.2.3 MeOH/H2O/CHCl3 Extraction Protocol 

For each sample, a volume of cold 100% methanol (MeOH) was added at a ratio of 5.3 

microliters per milligram of sample. e mixture was then subjected to 30 seconds of 

vigorous mixing using a vortex. Subsequently, a volume of ice-cold H2O equivalent to 

2.7 times the sample mass (µL/mg) and a volume of cold chloroform (CHCl3) equivalent 

to 5.3 times the sample mass (µL/mg) were added to each sample. e samples were 

mixed again with a vortex for 30 seconds, then incubated on ice for 15 minutes. 

Following incubation, the samples were centrifuged at 16,000 x g for 15 minutes at 4 °C 

to facilitate phase separation. Aer centrifugation, 200 microliters of the aqueous phase 

(methanol/water phase) was carefully collected from each sample. is collected phase 

was then diluted with H2O to adjust the final methanol concentration to 20%. e 

diluted extracts were then freeze-dried and stored at -80 °C until required for NMR 

analysis. 

5.2.2.4 MeCN/H2O and MeOH/H2O Extraction with Ultrafiltration Protocol 

A total of 200 µL of MeCN/H2O or MeOH/H2O extract was filtered with 10 kD MWCO 

filters (Amicon Ultra 0.5mL centrifugal filters UFC501024; 16,000 x g, 15 min, 4 °C). 

Prior to the use, the filters were washed with 500 µL H2O (16,000 x g, 30 min, 4 °C) to 

remove glycerol. Elusion (about 170 µL) was collected and subsequently diluted with 
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H2O to create extracts with a final MeCN concentration of 40% or a final MeOH 

concentration of 20%, lyophilised, and store at -80°C until the day of NMR analysis.  

5.2.3 1H NMR Analysis 

Lyophilised extracts were resuspended with 550 µL 75 mM phosphate buffer in D2O (pH 

7.4) containing 32.2 µM sodium salt of 3-(trimethylsilyl) propionic acid-2,2,3,3-d4 (TSP) 

and transferred to a 5 mm borosilicate NMR tube (Norell). Deuterated solvents (D2O) 

were used exclusively for preparing the NMR buffer to ensure accurate spectral 

acquisition and minimise water signal interference. For the extraction protocols, regular 

non-deuterated water (H2O) was used, as specified in the main text. NMR spectroscopy 

was performed using a 700-MHz Bruker AVIII spectrometer (Department of Chemistry, 

University of Oxford) operating at 16.4 T equipped with a 1H [13C/15N] TCI cryoprobe 

at 298 K. 1H NMR spectra were acquired by using the noesygppr1d pulse sequence 

(Bruker, a one-dimensional nuclear Overhauser effect spectroscopy [NOESY] 

presaturation scheme) with the following parameters: td = 32768, d1 = 2 s, p1 = 16.03 

µs, ns = 64, aq = 1.46 s, sw = 16 ppm. e total acquisition time for the proposed NOESY 

spectra was approximately 12 minutes, consisting of 4 minutes for data collection and 

an additional 8 minutes allocated for sample loading, temperature equilibration, locking, 

shimming, and tuning. Repeated NMR measurements were conducted for samples that 

met both the extraction efficiency and reproducibility criteria (defined as extraction 

efficiency < 0.7 and/or median relative standard deviation [RSD] > 20%), acquiring data 

at hourly intervals up to an 8-hour delay while stored on the carousel at room 

temperature (Figure 5-1). 

5.2.4 Measurement of Protein Concentrations 

e protein concentration of each NMR sample was determined using absorbance 

measurements at 205 nm with the ermo Scientific™ NanoDrop™ One instrument. 

5.2.5 NMR Data Pre-processing 

Resulting free induction decays (FID) were zero-filled by a factor of 2 and multiplied by 
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an exponential function corresponding to 0.30 Hz line broadening prior to Fourier 

transformation. All spectra were phased, baseline corrected (using a 3rd degree 

polynomial), and chemical shis referenced to the lactate resonance at δ = 1.33 ppm in 

Topspin 4.1 (Bruker, Germany), and exported to ACD/Labs Spectrus Processor 

Academic Edition 12.01 (Advanced Chemistry Development, Inc.). 

A semi-targeted analysis approach was employed by manually dividing each NMR 

spectrum into 86 spectral buckets for integration, excluding noise, water signals, in an 

effort to minimise contributions from varying protein levels across methods (Figure 

5-2). For samples prepared using MWCO filters, contaminant signals arising from 

glycerol were also removed. Metabolite assignment was performed by referencing to 

literature values (Diémé et al., 2017; Fomenko et al., 2022a; Paskevich et al., 2013; 

Wishart et al., 2021) , via metabolite spiking and 2D total correlation spectroscopy 

(TOCSY) experiments. e absolute integral values were subject to the main statistical 

analysis unless stated otherwise. Integral values were mean centred and scaled to unit 

variance prior to principal component analysis. 
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Figure 5-2 Metabolite assignments in a representative NMR spectrum from a brain sample 
extracted with 50% MeCN. 

5.2.6 Data Analysis 

Analysis was performed in R soware 4.1.2 (R foundation for statistical computing, 

Vienna, Austria). e ggplot2 (version 3.4.2), pheatmap (version 1.0.12), ropls (version 
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1.26.4), and metabom8 (version 1.0.0) packages were used for generation of the plots 

(Kimhofer, 2021; Kolde, 2012; évenot et al., 2015b; Villanueva & Chen, 2019). e 

relative extraction efficiency was determined by calculating the mean total intensity of 

NMR integrals, normalised to that of the 50% MeCN group. e extraction 

reproducibility was assessed using the median of the relative standard deviation (RSD) 

of the replicates for each metabolite resonance. e stability of each spectral bucket was 

determined by calculating the average percentage change over time up to 8 hours for 

each bucket across three replicates. e one-way analysis of variance (ANOVA) was 

used to identify significant differences between the means of groups. Two-tailed p-

values ≤ 0.05 were considered statistically significant. 

5.3 Results and Discussion 

5.3.1 Relative Extraction Efficiency 

Among the 11 methods examined, 50% MeCN, MeOH/H2O/CHCl3, 50% MeOH, and 

67% MeOH showed comparably high extraction efficiency (defined as the total sum of 

integrals of the 86 spectral buckets measured, normalised to that of the 50% MeCN 

group), with mean values and SEM of 1 ± 0.01, 0.96 ± 0.05, 0.88 ± 0.01, and 0.88 ± 0.03, 

respectively (p-value > 0.05, one-way ANOVA) (Figure 5-3A). e remaining nine 

methods demonstrated lower extraction efficiencies to varying degrees compared to 50% 

MeCN (p-values < 0.05, one-way ANOVA). 

e increase in MeCN and MeOH concentrations led to a decrease in extraction 

efficiency, with MeCN showing a more pronounced decline. is trend was expected 

since hydrophilic metabolites had limited solubility in organic solvents such as MeCN, 

and to a lesser extent, MeOH, and in addition, it is supported by a previous serum 

extraction study (Nagana Gowda et al., 2015). Furthermore, ultrafiltration with MWCO 

filters resulted in a 27% reduction in extraction efficiency compared to unfiltered 50% 

MeCN and a 41% reduction compared to unfiltered 50% MeOH (p-values < 0.001, one-

way ANOVA). In addition, residual glycerol arising from the MWCO filters results in 

large contaminant signals which obscure metabolite resonances, such as the ones for 
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glycine and glutamine and myo-inositol (Figure 5-4). 

 

Figure 5-3 Efficiency and reproducibility of the extraction methods tested(A) Relative 
extraction efficiency, expressed as the mean ± SEM, calculated as the sum of integrals 
normalised to that of the 50% MeCN group. (B) Protein levels of the NMR samples derived from 
different brain extracts, expressed as the mean ± SEM. (C) Extraction reproducibility, presented 
in boxplots, as determined by the relative spectral standard deviation across each of the 86 
spectral buckets. (D) PCA scores plot of the brain metabolic profiles from different extraction 
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methods at 0 h delay in NMR measurement. A smaller spread of the polygon indicates better 
reproducibility. Results of one-way ANOVA with Dunnett’s test for multiple comparisons are 
reported in reference to the 50% MeCN group. UF, ultrafiltration. * p < 0.05, ** p < 0.01, *** p < 
0.001. 

 

Figure 5-4 Overview of representative NMR spectra for each extraction method. 

 

5.3.2 Protein Levels 

No significant difference was observed in the protein levels of samples extracted with 

50% MeCN and 50% MeOH (p-value > 0.05, one-way ANOVA, n = 3 per group). 
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Increasing concentrations of solvent resulted in lower protein concentrations (p-values 

< 0.001 and < 0.01 for MeCN and MeOH, respectively, one-way ANOVA), with the 

exception of samples extracted with 100% MeOH which showed higher protein levels 

(p-value < 0.001, one-way ANOVA). Using MeOH/H2O/CHCl3 and ultrafiltration also 

resulted in lower sample protein concentrations compared to 50% MeCN or 50% MeOH 

(p-value < 0.01, one-way ANOVA), with ultrafiltration yielding the lowest protein 

concentrations among these three methods (Figure 5-3B). 

5.3.3 Extraction Reproducibility 

e 67% MeCN, 80% MeCN and 100% MeCN extraction methods demonstrated 

significantly poorer reproducibility compared to the other extraction methods, as 

determined by RSD across all 86 spectral buckets measured (p-values < 0.001, one-way 

ANOVA) (Figure 5-3C). No significant differences were observed between the 

remaining extraction methods, with median RSD ranging from 3.54% (interquartile 

range [IQR] 5.55%) to 10.56% (IQR 2.81%). PCA illustrates the clustering and 

dispersion patterns of each extraction method, revealing the similarities among and 

within each method (Figure 5-3D). Most methods resulted in distinct clusters in the 

PCA scores plot, highlighting global metabolite difference across these methods. 

Methods with lower extraction efficiency tended to cluster towards the le side of the 

scores plot, indicating lower metabolite yield. For instance, as the concentration of 

MeCN increased, samples tended to cluster further to the le. Conversely, methods with 

better protein removal, as identified by lower sample protein concentrations, tended to 

cluster towards the top of the plot. 

Five extraction methods, specifically 67% MeCN, 80% MeCN, 100% MeCN, 100% 

MeOH, and 50% MeOH with ultrafiltration, demonstrated poor extraction efficiency or 

reproducibility (as defined by extraction efficiencies < 0.7 and/or median RSD > 20%). 

As a result, these methods were excluded from further metabolite stability testing. 
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5.3.4 Metabolite Stability 

Metabolite stability was assessed at hourly intervals up to 8 hours following sample 

preparation for the six extraction methods selected in the previous section. Among the 

six extraction methods that demonstrated adequate efficiency and reproducibility, only 

two low-concentration metabolites, CoA and adenosine, were undetectable in the 80% 

MeOH, MeOH/H2O/CHCl3, and 50% MeCN + UF methods. e trajectory of each 

extract over time was visualised using a PCA scores plot (Figure 5-3A). e 50% MeCN, 

50% MeOH and 67% MeOH samples displayed significant dri along the second 

principal component (PC2). Inspection of the loading revealed that multiple aspartate 

signals (2.65 - 2.84 ppm) and glutamate signals (3.75 - 3.77 ppm) drove the variability 

of PC2. e changes that occur over time are reproducible in each sample, indicating 

the alteration in metabolic profile is time-dependent; for example, the 8-hour samples 

were equivalent to each other in each extraction method. Table 5-1 summarises the 

stability of the whole spectrum over time for each method. e 50% MeCN, 50% MeOH 

and 67% MeOH extraction methods resulted in a larger number of metabolite 

resonances with an RSD greater than 30% aer eight hours. A heatmap illustrates the 

changes in each metabolite resonance over time for the extraction methods (Figure 5-4) 

with the most variable metabolites (aspartate, glutamate, N-acetyl aspartate [NAA], 

acetate, glutathione, and ascorbate) summarised in Figure 5-5B. 
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Figure 5-5 Metabolite extract stability assessment for tested methods. (a) PCA scores plot 
demonstrating temporal metabolome changes aer NMR sample preparation. e ellipse 
indicates the 95% confidence interval for a multivariate distribution for each extraction method. 
(b) Heatmap depicting percentage changes in unstable metabolites among different extraction 
methods. Percentage changes for each method are relative to the 0-hour timepoint of each 
method. No aspartate-2-d1 signals (grey) were observed in the 80% MeOH, 
MeOH/H2O/CHCl3 (2:1:2), and 50% MeCN with ultrafiltration group. UF, ultrafiltration. Asp, 
aspartate. Glu, glutamate. NAA, N-acetyl aspartate. GSH and GSSG, reduced form and oxidised 
form of glutathione, respectively. 

Table 5-1 Reproducibility of metabolite resonances over an 8-hour delay for NMR analysis 
for each extraction method. 
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RSD 

(%) 

Number of variables (%) 

50% MeCN 50% MeOH 67% MeOH 80% MeOH MeOH/H2O/

CHCl3 (2:1:2) 

50% MeCN + 

UF 

0-15 70 (82) 68 (81) 60 (71) 73 (90) 76 (94) 77 (95) 

15-30 9 (11) 6 (7) 11 (13) 8 (10) 5 (6) 4 (5) 

>30 6 (7) 10 (12) 13 (15) 0 (0) 0 (0) 0 (0) 

RSD, relative standard deviation. RSD was calculated over nine timepoints (0–8-hour delay) 
across three replicates for each variable. UF, ultrafiltration. 

 

Figure 5-6 Heatmap of NMR resonance percentage changes for metabolites across 
extraction methods. 
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5.3.4.1 Aspartate and Glutamate 

e instability of aspartate signals was observed in samples extracted with 50% MeCN, 

50% MeOH, and 67% MeOH, indicated by a decrease in the doublet of doublet (dd) 

signals and the generation of nearby doublets signals at 2.82 and 2.68 ppm (p-values < 

0.05, one-way ANOVA) (Figure 5-6, Figure 5-7). is change was most rapid within the 

initial hour aer NMR sample preparation, with the original aspartate signals 

disappearing aer two hours in samples extracted with 50% MeCN and aer four hours 

in samples extracted with 50% and 67% MeOH (Figure 5-6).  

Similarly, the glutamate multiplets, observed at 2.12 ppm and 2.35 ppm, exhibited a 

reduction in splitting in samples extracted with solvent mixtures of 50% MeCN, 50% 

MeOH, and 67% MeOH (p-values < 0.05, one-way ANOVA) (Figure 5-4). e overall 

integrals of these multiplets remained unchanged. Additionally, a considerable 

reduction was observed in the glutamate dd at 3.76 ppm in samples extracted using 

these methods (Figure 5-5). e glutamate dd was completely diminished aer four 

hours in samples extracted with 50% MeCN (Figure 5-8). 

e observed instability in the resonances of aspartate is attributed to the deuteration of 

aspartate, a phenomenon previously documented by Paskevich et al (Paskevich et al., 

2013). is involves the replacement of the proton at the α-carbon (αH) of aspartate 

with deuterium, converting aspartate into aspartate-2-d1. Consequently, it induces a 

change in the multiplicities of the βCH2-group in aspartate, transforming the dd from 

the ABX spin system to AB doublets (Paskevich et al., 2013). 

Here, similar to aspartate, deuteration of glutamate was observed. e substitution of 

the glutamate αH with deuterium would result in the disappearance of the resonance at 

3.76 ppm and induce changes in the multiplicities of the βCH2-group without altering 

the overall integrals. 

e deuteration of aspartate and glutamate may be derived from aspartate transaminase 

(AST)-mediated metabolism. AST catalyses the interconversion of aspartate and α-
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ketoglutarate to oxaloacetate and glutamate, during which the H2 hydrogens of 

aspartate and glutamate undergo exchange with those of water (D2O in the NMR buffer) 

(Garcı́a-Martı́n et al., 2002), leading to changes in the observed splitting patterns of 

NMR resonances. is suggests that AST may have remained active and did not fully 

precipitate during the extraction process, as supported by the high levels of remaining 

protein with these methods. While the proposed residual AST activity requires 

confirmation by independent experiments, current results confirmed that the 

deuteration is due to residual proteins, as ultrafiltration prevents the detection of any 

degree of deuteration. 
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Figure 5-7 Changes in unstable metabolites across different extracts over time post sample 
preparation. Each data point refers to the mean of three replicates. Values were normalised to 
the 0-hour delay group within each extraction method. UF, ultrafiltration. Asp, aspartate. Glu, 
glutamate. NAA, N-acetyl aspartate. GSH and GSSG, reduced form and oxidised form of 
glutathione, respectively. 
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Figure 5-8 NMR spectra illustrating changes in unstable resonances over time delays in 
NMR measurement in a 50% MeCN brain sample. 
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5.3.4.2 N-acetyl Aspartate and Acetate 

A reduction of N-acetyl aspartate (NAA) was observed in samples extracted with 50% 

MeCN, and to a lesser extent in those extracted with 50% MeOH (Figure 5-7, p-values 

< 0.05, one-way ANOVA). Concurrently, acetate levels increased (r = -0.94, p-value < 

0.001, Pearson correlation) and aspartate-2-d1 levels continued to rise even aer the 

original aspartate signals had vanished (r = -0.82, p-value < 0.001, Pearson correlation). 

ese observations suggest a conversion of NAA into aspartate and acetate. is 

conversion is further evidenced by the negative correlation between aspartate and 

aspartate-2-d1 at 0-3 hours (r = -0.94, p-value < 0.001, Pearson correlation) and their 

positive correlation at 4-8 hours (r = 0.76, p < 0.01, Pearson correlation). Additionally, 

combining the aspartate resonance and the aspartate-2-d1 resonance showed a 

continuous increase over time in the samples extracted with 50% MeCN and 50% 

MeOH, while this remains unchanged in the 67% MeOH samples. is suggests the 

deuteration of aspartate and glutamate, and conversion of NAA to acetate and aspartate, 

represent distinct reactions. 

In the brain, aspartoacylase (ASPA) catalyses the hydrolysis of NAA to produce acetate 

and aspartate (BIRNBAUM et al., 1952). Although independent experiments were not 

performed to directly confirm the presence of ASPA in the extracts, the observed 

conversion patterns align with known ASPA activity. erefore, it is likely that some 

residual ASPA retained bioactivity in the NMR samples of the brain extracts from 50% 

MeCN and, to a lesser extent, 50% MeOH, as supported by higher residual protein levels 

in these samples. e conversion of NAA to acetate and aspartate was reduced and 

eventually absent as MeOH concentration increased. Despite the presence of residual 

ASPA remaining speculative, the observed conversion of NAA to aspartate and acetate 

is protein dependent. e addition of CHCl3 and the use of ultrafiltration further 

enhanced protein precipitation with these methods and prevented such interconversion. 
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5.3.4.3 Glutathione 

Oxidation of glutathione (GSH) was observed in all samples (p-values < 0.05, one-way 

ANOVA) with the exception of samples extracted with 67% MeOH (p-value > 0.05, one-

way ANOVA). A significant negative correlation was observed between GSH and 

glutathione disulphide (GSSG) over time (r = -0.83, p-value < 0.001, Pearson correlation) 

(Figure 5-7, Figure 5-8). is was most evident in samples extracted with 80% MeOH, 

where a 22% ± 1% reduction in GSH and a 12% ± 6% increase in GSSG was observed 

aer eight hours. GSH oxidation was unrelated to the residual protein content within 

samples (as these changes still occurred in samples subjected to ultrafiltration) 

suggesting that spontaneous oxidation outweighs any contribution from glutathione 

reductase. is aligns with the unstable nature of glutathione and previous findings in 

NMR-based blood metabolomics, indicating that degassed solvents or derivatising 

agents are required for accurate GSH measurement (Gowda et al., 2021). 

5.3.4.4 Ascorbate 

For all extraction methods, ascorbate concentrations showed a gradual decrease over 

the eight-hour period, resulting in a cumulative reduction of 10-15% across all the 

methods aer eight hours (p-values < 0.05, one-way ANOVA) (Figure 5-7, Figure 5-8). 

e instability observed in ascorbate did not appear to be related to protein levels, as it 

still occurred in samples subjected to ultrafiltration. Additionally, a gradual reduction 

of ascorbic acid was observed in its standard solution in the NMR buffer (Figure 5-9). 

e spontaneous oxidation of ascorbate aligns with its well-known antioxidant 

properties and has been reported in previous studies (Bourafai-Aziez et al., 2022). 

 



165 

 

Figure 5-9 NMR spectra illustrating the reduction in ascorbate signals over time in an 
ascorbic acid standard sample (in phosphate buffer pH = 7.4) during NMR measurement. 

5.3.4.5 Macromolecules 

In line with the suboptimal deproteinisation of 50% MeCN extracted samples, broad 

macromolecule resonances were observed within the spectral regions of 0.8 - 1.0 ppm, 

1.2 - 1.5 ppm, and 1.6 - 1.8 ppm. In contrast, the other five extraction methods, including 

50% MeCN extraction with ultrafiltration, displayed a flat baseline in these regions 

(Figure 5-10), which is in agreement with previous reports (Gowda & Raery, 2014; Lin 

et al., 2007). 
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Figure 5-10 Enhanced baseline uniformity at 0.8 – 1.0 ppm, 1.2 – 1.5 ppm, 1.6 – 1.8 ppm in 
50% MeCN samples with ultrafiltration (yellow) in contrast to 50% MeCN samples (green). 

 

Interestingly, while no broad macromolecule signals were detectable in samples 

extracted with 80% MeOH at 0 hours, consistent with improved deproteinisation, two 

out of three replicates showed the appearance of increasingly broad signals over time at 

0.85 - 0.90 ppm and 1.25 - 1.35 ppm (Figure 5-11). is led to increased leucine signals 

at 0.95-0.98 ppm over time (p-value < 0.001, one-way ANOVA), resulting in a 

cumulative increase of 13% aer eight hours. Moreover, the lactate doublets at 1.33 ppm 

also had an increase of 9% aer eight hours due to the increasing broad signals 

underneath it (p-value < 0.05, one-way ANOVA). ese signals may arise due to the 

aggregation of residual protein in the sample over time. In contrast, 50% MeCN with 

ultrafiltration and MeOH/H2O/CHCl3 extraction resulted in NMR spectra devoid of any 

broad signals from macromolecules providing optimal baselines for analysis.  
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Figure 5-11 NMR spectra illustrating the increasing broad signals over time at 0.85 – 0.90 
ppm and 1.25 – 1.35 ppm in an 80% MeOH brain extract during NMR measurement. 

5.3.5 Summary and Recommendations 

Among the tested methods, five methods (67% MeCN, 80% MeCN, 100% MeCN, 100% 

MeOH, and 50% MeOH with ultrafiltration) showed inadequate extraction efficiency 

and/or poor reproducibility, making them unsuitable for NMR brain metabolomics. e 

performance of the remaining six methods is summarised in Table 5-2, including 

relative extraction efficiency, reproducibility, protein levels and metabolite stability. 

Table 5-2 Summary of the eight brain metabolite extraction methods in terms of extraction 
efficiency (mean ± SE), reproducibility (median, [IQR]), protein levels (mean ± SE), and metabolite 
stability. 

Extraction 
method 

Relative 
extractio

n 
efficiency 
(mean ± 

SE) 

Reprodu
cibility, 
RSD (%, 
median 
[IQR]) 

Protein 
levels 

(mg/ml, 
mean ± 

SE) 

Asp and 
Glu 

deuteratio
n 

NAA 
conversion 

into 
aspartate 

and acetate 

GSH 
oxidatio

n to 
GSSG 

Ascorbic 
acid 

reductio
n 

Macro
molec

ule 
signals 

50% MeCN 1 ± 0.01 
3.68 

(3.49) 
0.4 ± 0.01 ++ ++ + + + 

50% MeOH 
0.88 ± 
0.01 

4.66 
(5.67) 

0.35 ± 
0.01 

++ + + + - 
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Extraction 
method 

Relative 
extractio

n 
efficiency 
(mean ± 

SE) 

Reprodu
cibility, 
RSD (%, 
median 
[IQR]) 

Protein 
levels 

(mg/ml, 
mean ± 

SE) 

Asp and 
Glu 

deuteratio
n 

NAA 
conversion 

into 
aspartate 

and acetate 

GSH 
oxidatio

n to 
GSSG 

Ascorbic 
acid 

reductio
n 

Macro
molec

ule 
signals 

67% MeOH 
0.88 ± 
0.03 

7.48 
(4.49) 

0.31 ± 
0.03 

++ -* - + - 

80% MeOH 
0.79 ± 
0.03 

5.93 
(3.85) 

0.26 ± 
0.01 

- - ++ + + 

MeOH/H2O/CH
Cl3 (2:1:2) 

0.96 ± 
0.05 

9.62 
(2.66) 

0.3 ± 0.01 - - + + - 

50% MeCN + UF 
0.73 ± 
0.01 

3.54 
(5.55) 

0.2 ± 0.02 - - + + - 

-: no. -*: marginally. +: yes. ++: yes, and to a greater extent. SE, standard error. RSD, relative 
standard deviation. IQR, interquartile range. Asp, aspartate. Glu, glutamate. NAA, N-acetyl 
aspartate. GSH and GSSG, reduced form and oxidised form of glutathione, respectively. UF, 
ultrafiltration. 

 

ree out of the remaining six methods (50% MeCN, 50% MeOH, and 67% MeOH) 

demonstrated good extraction efficiency and reproducibility but the deuteration of 

aspartate and glutamate resonances was observed possibly due to the inadequate 

denaturation/precipitation of AST. is highlights the importance of considering the 

effects of deuterated solvents and care should be taken to ensure that the integrals of 

both the protonated, and deuterated resonances, are combined to avoid spurious results. 

Furthermore, 50% MeCN and 50% MeOH were found to induce NAA conversion into 

aspartate and acetate, potentially linked to the insufficient denaturation of ASPA which 

poses a risk of false discoveries, particularly in the following scenarios: (1) during 

prolonged room temperature exposure; (2) during lengthy experiments with many 

samples, leading to long experimental durations; (3) the analysis of tissues where ASPA, 

potentially responsible for NAA conversion, is known to express; or (4) for the study of 

systems where the expression of ASPA is essential to the experimental readout. 

erefore, these methods are not advised for untargeted metabolomics when these 

unstable signals are included in the data analysis. e findings highlight the importance 

of optimising the deproteinisation of tissues where residual enzymes could affect sample 

stability (including deuteration) or where protein expression levels vary, even when 
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pulse programs to suppress residual macromolecules are to be used. 

Increasing the MeOH ratio to 80% increased protein precipitation ability, which 

sufficiently denatured residual proteins, but at the expense of decreased extraction 

efficiency. However, increasing broad signals over time led to an overestimation of 

lactate and leucine concentrations. is phenomenon was not observed in samples 

subjected to ultrafiltration or MeOH/H2O/CHCl3 extraction, likely indicating that the 

broad signals arise from incomplete protein precipitation. While this method offers 

simplicity and is well-suited for high-throughput studies, there is a risk of temporal 

inflation in the resonances of lactate and leucine. 

Ultrafiltration, serving as a positive control for protein removal, reduced protein content 

by half to a 0.2 ± 0.02 mg/mL, as evidenced by the absence of broad macromolecule 

resonances up to eight hours post sample preparation. Moreover, ultrafiltration 

preserved the stability of aspartate, glutamate, NAA, and acetate, thus confirming that 

their instability originated from residual proteins. However, ultrafiltration led to a 27% 

reduction in overall metabolite abundance compared to the 50% MeCN extraction 

method. Additionally, glycerol contaminants from the filter masked the detection of 

glycine, certain myo-inositol, and glutamine resonances in the NMR spectrum. 

Consequently, ultrafiltration methods do not appear suitable for NMR analysis. 

MeOH/H2O/CHCl3 extraction resulted in improved deproteinisation, while 

maintaining adequate extraction efficiency and reproducibility in agreement with 

previous studies (Belle et al., 2002; Diémé et al., 2017; Lin et al., 2007). erefore, 

MeOH/H2O/CHCl3 extraction is recommended for untargeted brain NMR metabolic 

profiling over other tested methods. One disadvantage of MeOH/H2O/CHCl3 extraction 

is that it requires more time and careful handling compared to single-phase extraction 

methods, particularly during phase transfer, in order to mitigate variability. Moreover, 

this method does not address the observed decrease in ascorbate and oxidation of GSH. 

To maintain changes within 10% for glutathione and ascorbate, it is advisable to acquire 

spectra within 4 hours of sample preparation. For researchers requiring higher accuracy 
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for these metabolites, further optimisation of extraction methods may be necessary. is 

could include the addition of antioxidants, or derivatising agents, pH adjustments, the 

use of degassed solvents, and/or temperature control to reduce the risks of metabolite 

oxidation (Bourafai-Aziez et al., 2022; Fomenko et al., 2022a; Gowda et al., 2021; X. Yin 

et al., 2022). 

While recommending specific extraction protocols, it is strongly advised to conduct 

trials of NMR spectroscopy and analysis on biological replicates using the method of 

choice before progressing to studying valuable samples. Absolute integral values were 

used in data analysis throughout this chapter to investigate preanalytical impact, while 

sum normalisation is typically used in metabolomic studies to mitigate the impact of 

concentration variations resulting from mass differences or pipetting errors (Figure 

5-12). is chapter evaluated metabolite integrity at room temperature following NMR 

sample preparation. Not all NMR spectrometers are equipped with autosamplers that 

can maintain refrigerated conditions, and preparing and loading samples individually 

to mitigate enzymatic activity would be labour-intensive and inefficient. is limitation 

highlights the importance of effective deproteinisation during sample preparation to 

ensure metabolite stability. When feasible, using autosamplers with refrigeration 

capabilities is recommended, as this can further mitigate metabolite alterations and 

enhance the reliability of metabolomics analysis. e focus of this chapter was on the 

extraction and stability of polar metabolites, as NMR metabolomics is well-suited for 

aqueous phase extractions. Although the brain is a lipid-rich organ, lipidomics is better 

addressed using mass spectrometry, and thus, lipid extraction was not within the scope 

of this NMR-based study. Future studies should consider incorporating lipidomic 

analyses to obtain a more comprehensive metabolic profile. 
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Figure 5-12 Sum normalised method reduced the impact of variations in overall sample 
concentration. is is compared to Figure 5-3D and Figure 5-5A, where absolute values were 
used for PCA. (A) PCA scores plot of the brain metabolic profiles from different extraction 
methods with no delay in NMR measurement. (B) PCA scores plot of brain metabolic profiles 
from six extraction methods over a time range from 0 to 8 hours of delay in NMR measurement. 

 

e findings here are specific to brain tissue, which has unique biochemical 
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characteristics, such as a high lipid content and distinct protein compositions. While the 

addition of chloroform appears necessary for effective protein precipitation in brain 

tissue, the requirements may differ for other tissues. e most efficient protein removal 

method may not always be optimal in terms of time and metabolite recovery. For 

instance, tissues that lack significant amounts of these enzymes might achieve sufficient 

protein removal with simpler single-phase extractions, such as 50% MeOH or 50% 

MeCN. ese simpler methods could offer benefits in terms of reproducibility and ease 

of use, particularly for high-throughput workflows. Future studies would be valuable to 

explore and optimise extraction protocols tailored to the unique biochemical properties 

of different tissues. 

is chapter highlights the importance of optimising extraction methods for brain 

NMR metabolomics, particularly in balancing metabolite stability (including that 

affected by deuteration) and effective protein precipitation. While this chapter used 

brain tissues from rodent models, these techniques could be similarly applied to human 

brain biopsies, where the amount of tissue available is also limited. is approach has 

direct relevance to both animal studies and potential clinical applications in human 

tissue analysis. Future research should explore the applicability of these protocols to 

human samples, particularly in clinical settings where precise metabolic profiling is 

crucial for diagnosis and treatment monitoring. In such cases, while histology alone may 

not provide a definitive diagnosis, metabolic profiling could offer valuable 

complementary insights. 

5.4 Conclusion 

is chapter is the first systematic investigation into the effect of residual protein 

contamination on metabolite stability following NMR sample preparation in brain 

tissues. e findings underscore the crucial role of protein precipitation in maintaining 

metabolite integrity, particularly for key metabolites such as aspartate, glutamate, and 

N-acetyl aspartate. e results demonstrate that insufficient protein precipitation in 

commonly used extraction solvents (50% MeCN, 50% MeOH, and 67% MeOH) leads 
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to metabolite instability (including that affected by deuteration), which can markedly 

compromise the reliability of NMR-based metabolomics studies. ese results highlight 

the importance of optimising extraction methods for effective deproteinisation to 

ensure the stability of NMR spectra—a factor oen overlooked due to the tolerance of 

NMR instrumentation to residual protein contamination. 

By identifying MeOH/H₂O/CHCl₃ extraction as a reproducible method for enhancing 

metabolite stability, this study provides a valuable tool for brain metabolomics research, 

which can be readily applied to optimise sample preparation protocols and improve the 

accuracy of metabolomic profiling. Although MeOH/H₂O/CHCl₃ extraction was 

effective in preventing protein-related instabilities, further optimisation is required to 

improve the stability of oxidation-sensitive metabolites. Future research should 

investigate the use of antioxidants, degassed solvents, or other stabilising agents to 

mitigate oxidation during the extraction process, as this remains a limitation of the 

present study. 
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Chapter 6: Discussion 

6.1 Principal Findings of the esis 

e overarching aim of this thesis was to use NMR-based metabolomics for biomarker 

discovery to improve the diagnostics of antibody-mediated neurological diseases. To 

achieve this, the thesis addressed four key hypotheses: (1) plasma NMR-based 

metabolomics can distinguish patients with AE from those with DRE; (2) psychosis 

patients with NSAb have distinct serum metabolomic profiles compared to those 

without such antibodies; (3) sodium fluoride/potassium oxalate blood tubes provide 

better metabolite preservation during preanalytical delays than conventional serum and 

heparin tubes; and (4) MeOH/H₂O/CHCl₃ extraction improves metabolite stability in 

brain tissue by ensuring more effective protein precipitation.  

is thesis demonstrated the utility of NMR-based metabolomics in both blood and 

brain tissue analyses, offering complementary approaches to address clinical challenges 

in diagnosing neurological diseases. e principal findings of this thesis are as follows: 

1. NMR-based metabolomics successfully distinguished AE from DRE and 

stratified AE subtypes (NMDAR-, LGI1-, CASPR2-AE). AE-specific plasma 

metabolic signatures included decreased levels of HDL, phosphatidylcholine, 

and albumin, while subtype-specific alterations included changes in lactate, 

glucose, UFA, and GlycA. 

2. As the NSAb, causative for AE, have also been detected in some psychosis 

patients, this thesis extended its approach to investigate serum metabolic profiles 

in acute psychosis with and without serum NSAb. Contrary to the original 

hypothesis, no general metabolic signatures were identified for antibody-

positive psychosis. However, a metabolically distinct subgroup of patients with 

psychosis was identified, associated with higher PANSS scores and VGKC/GlyR 

antibody positivity. eir metabolic signatures indicate a potential inflammatory 

aetiology, suggestive of an inflammatory subset of psychosis. 
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3. To facilitate validation and application of blood NMR metabolomics in large 

cohorts, this thesis explored the impact of pre- and post-processing delays on 

metabolite variability within and between biobanks. Primary fluctuations 

observed in glucose and lactate levels were attributed to glycolysis resulting from 

delayed erythrocyte separation. Fluoride oxalate blood tubes effectively 

stabilised glucose and lactate levels for 24 hours at both 4 °C and room 

temperature, making them a viable alternative when rapid processing is not 

feasible. Furthermore, post-processing delays of 12 hours had negligible effects 

on the metabolome, indicating the practicality of such workflow. 

4. Beyond blood, this thesis investigated NMR metabolomics in brain biopsy 

tissues to identify metabolic alterations directly associated with brain 

pathologies. It highlighted the critical role of protein precipitation during 

metabolite extraction in maintaining metabolite stability. Common extractants 

like 50% acetonitrile and 50% methanol failed to adequately denature proteins, 

leading to instability in aspartate, glutamate, NAA, and acetate. e 

methanol/water/chloroform extraction effectively preserved metabolite stability 

through robust protein precipitation, demonstrating good efficiency and 

reproducibility； therefore, it is recommended for untargeted brain NMR 

metabolomics studies. 

In summary, these findings demonstrate the potential of NMR-based metabolomics 

to advance biomarker discovery and improve diagnostics for neurological diseases 

by addressing both methodological challenges and clinical applications.  

 

6.2 Limitations and Future Work 

6.2.1 AE biomarkers 

is finding presents the first non-antibody-based biomarker for differentiating DRE, 

AE and AE subtypes, offering a promising adjunct to facilitate the diagnosis and 
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therapeutic decisions. It provides a non-invasive, reliable diagnostic tool that could be 

used in clinical settings to improve diagnostic accuracy and patient outcomes. 

However, there are some limitations to this study. While the diagnostic questions 

addressed are asked in the context of ‘unwell’ individuals with specific clinical signs (as 

would be the case in the clinic), healthy controls or patients with other antibody-

mediated diseases were not included, making it challenging to assert whether the 

identified pattern is specific to AE. Additionally, due to differences in blood collection 

protocols, it was impossible to integrate NMR metabolomics data from previous 

research conducted within our lab on antibody-mediated NMOSD (Jurynczyk et al., 

2017), or the antibody-mediated psychosis data presented in Chapter 3. Although an 

ultracentrifugation step of plasma samples prior to NMR analysis was included in 

accordance with the standard operating procedures used for previous cohorts in the lab, 

differences in blood collection disallow the integration of these cohorts. Moreover, this 

procedure depleted VLDL, extracellular vesicles and debris and gave cleaner lipoprotein 

signals but limits the generalisability of the findings and the broader applications. Future 

research should aim to determine whether the ultracentrifugation step is essential for 

achieving the diagnostic performance reported here, as has been the case for other 

disease cohorts studied in our lab, or if the step can be omitted. 

Further research is needed to validate the identified metabolic biomarkers for AE in 

larger, independent cohorts to confirm their diagnostic utility and generalisability. 

Additionally, it would be interesting to explore the longitudinal changes in these 

metabolic profiles during disease progression in the hopes of providing insights into AE 

pathophysiology and monitor treatment response. Further research should include 

more AE subtypes, such as AE with other NSAb (e.g., GABAR, GlyR, AMPAR), AE with 

autoantibodies against intracellular targets, seronegative AE (AE with unidentifiable 

pathogenic antibodies), and autoimmune psychosis.  

Given the observed alterations in lipid and glucose metabolisms, future work should 

leverage advanced methodologies like NMR lipoprotein profiling (e.g. Bruker iVDR, 
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Nightingale Health, Numares AXINON), MS-based lipidomics, and MS-based 

metabolomics to analyse a wider range of related metabolites. 

6.2.2 A Metabolically Distinct Subtype of Psychosis Associated with VGKC/GlyR 

Antibodies 

Using NMR metabolomics, this thesis identified a metabolically distinct subtype of 

acute psychosis associated with VGKC/GlyR antibody and higher PANSS scores. ese 

findings support the hypothesis from previous research that VGKC antibodies may be a 

non-specific marker of inflammatory brain conditions (Hacohen et al., 2015; Prüss & 

Lennox, 2016).  

In contrast to the findings for AE, no general metabolic signatures were identified for 

antibody-mediated psychosis, including cases involving NMDAR, LGI1, or CASPR2 

antibodies. is divergence may reflect differences in the clinical presentations of these 

conditions. While these NSAb can be causative in both AE and autoimmune psychosis, 

the latter is characterised by isolated psychotic symptoms with minimal neurological 

features and is oen considered a mild form of AE (Najjar et al., 2018). One explanation 

for the absence of distinct metabolic signatures in antibody-mediated psychosis may be 

the magnitude of the neuroinflammatory response generated by the NSAb in 

autoimmune psychosis compared to AE. A milder inflammatory response might limit 

the metabolic changes detectable by NMR, resulting in similar profiles between 

antibody-positive and antibody-negative psychosis. However, in the psychosis cohort 

with VGKC/GlyR antibodies, certain metabolic alterations resembling those seen in AE 

were observed, such as reduced phosphatidylcholine and HDL levels, along with 

elevated glucose levels. is overlap suggests a shared underlying metabolic 

dysregulation, potentially linked to inflammation in both conditions. 

ere are several limitations to the psychosis study. For example, the samples were 

collected in serum separator tubes and processed aer a delay of one to two days. Such 

extended delays, particularly at room temperature, are known to alter metabolic profiles, 

especially for metabolites like glucose and lactate (Bervoets et al., 2015; Fliniaux et al., 



179 

2011a; Kamlage et al., 2014, 2018a; Santos Ferreira et al., 2019a). Additionally, the small 

sample sizes for each group and the absence of other psychiatric or neurological groups 

limit the ability to assess the specificity of the identified metabolic signatures. Future 

work should include other autoimmune neurological disorders such as AE and multiple 

sclerosis. AE shares overlapping symptoms and a similar aetiology with autoimmune 

psychosis, while multiple sclerosis serves as a neuroinflammatory comparator. 

Including these groups can help determine whether the observed metabolic changes are 

unique to psychosis or reflect broader neuroinflammatory processes. 

To validate the identified biomarkers and assess their clinical utility, prospective cohorts 

are important. ese allow for standardised sample collection, reduce pre-analytical 

variability, and enable the observation of how metabolic profiles evolve over time in 

relation to disease progression or treatment response, helping establish causal 

relationships. Additionally, measuring routine inflammatory markers such as CRP 

alongside metabolomics can provide additional insights into the relationship between 

systemic inflammation and metabolic changes in psychosis. Furthermore, as 

demonstrated in Chapter 4, preanalytical variations caused by delay in blood 

preprocessing need to be minimised to improve data quality and reliability. Future 

sample collection should adopt optimised sample collection protocols, including using 

fluoride oxalate blood tubes, maintaining blood samples at 4 °C prior to erythrocyte 

separation, and reducing delays before processing to preserve metabolite integrity. 

6.2.3 Preanalytical Variations in Blood Collection 

is thesis suggests that fluoride oxalate tubes could be advantageous in metabolomic 

studies where blood processing times vary, pending further validation with a broader 

range of metabolites and larger sample sizes. While fluoride oxalate tubes preserve 

glucose and lactate levels, they also have limitations. Fluoride oxalate tubes are prone to 

causing haemolysis when le at room temperature for extended periods, consistent with 

previous studies (Al-Kharusi et al., 2014; Lippi et al., 2018). Haemolysis can significantly 

impact MS-based metabolic profiles, though it does not impact NMR metabolic profiles 
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(Bervoets et al., 2015; Kamlage et al., 2014; P. Yin et al., 2013). Another point worth 

noting is that the FX tubes reduce background signals from albumin and lipoproteins, 

which results in lower integral values compared to serum and LH plasma. If this 

reduction is limited to proteins without affecting small molecules, it may be a positive 

outcome, as it could enhance the clarity of metabolite signals by reducing interference 

from proteins and lipids.  

Preanalytical variations, if not addressed properly, can obscure true biological effects or 

introduce false-positive associations in large-scale metabolomic studies. Recent work 

has demonstrated the effectiveness of robust regression approaches to remove technical 

variations in NMR metabolomic data from the UK Biobank (Ritchie et al., 2023). ese 

adjustments accounted for factors such as sample preparation time, shipping plate well, 

spectrometer batch effects, dri over time within the spectrometer, and outlier shipping 

plates. Implementing such quality control measures significantly enhances the 

reproducibility and reliability of metabolomic data across large cohorts and improves 

the power of genetic and epidemiological studies. 

Incorporating computational methods like robust regression into future analyses could 

complement the development of optimised preanalytical protocols, providing a 

powerful combined strategy for addressing technical variability in metabolomics. 

Additionally, extending these findings by incorporating a broader spectrum of 

metabolomic analyses, including mass spectrometry and advanced lipoprotein assays, 

would further enhance the understanding of preanalytical variability across different 

analytical platforms. Discovering novel additives that inhibit major metabolic pathways 

in blood under anaerobic conditions and prevent haemolysis would greatly improve the 

reliability of metabolomic studies, particularly in large-scale, multi-site investigations. 

6.2.4 Metabolite Extraction Methods for Brain NMR Metabolomics 

Among the methods tested, methanol/water/chloroform method was identified as the 

most suitable brain extraction method for untargeted brain NMR metabolomics. is 

method effectively preserves metabolite stability by achieving effective protein 
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precipitation, demonstrating good extraction efficiency and reproducibility. As revealed 

in this chapter, insufficient protein precipitation can lead to deuteration of Hα in 

aspartate and glutamate, as well as NAA conversion into aspartate and acetate. Residual 

enzymatic activities, specifically AST and ASPA, were proposed as the causes of these 

changes. is conclusion is supported by the observed NMR results (changes in 

metabolite levels and signal multiplicity), established biochemistry, and existing 

literature. Future research can perform Western blotting to further substantiate the 

involvement of AST and ASPA in these processes. Additionally, it would be helpful to 

investigate the extent that metabolite alteration can be slowed down under conditions 

that incorporate cooling systems during NMR analysis. 

However, the methanol/water/chloroform method does not address the instability of 

glutathione and ascorbate, likely due to oxidation. To address the limitation, future 

research could evaluate the use of degassed NMR buffers to minimise oxidative effects 

during sample preparation. Additionally, derivatising agents such as N-ethylmaleimide, 

which has been successfully applied in NMR-based blood metabolomics (Gowda et al., 

2021), can be adapted and assessed or their ability to stabilise labile metabolites like 

glutathione and ascorbate in brain metabolomics. Further optimisation of 

methanol/water/chloroform method could involve testing different solvent ratios to 

improve extraction efficiency and reproducibility while maintaining effective protein 

precipitation. Additionally, substituting chloroform with less toxic alternatives, such as 

dichloromethane, can be evaluated to determine if it improves safety without 

compromising performance. 

Despite its advantages, the methanol/water/chloroform method requires more complex 

processes than single-phase extraction, which may lead to increased variation. e 

development of single-phase extraction methods that balance adequate protein 

precipitation with high metabolite recovery could significantly benefit large-scale, high-

throughput studies in brain metabolomics. Potential approaches include testing 

alternative solvents, such as isopropanol, hexane, or methyl tert-butyl ether (MTBE), 
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and incorporating additives such as salts (e.g., ammonium sulphate) or weak acids (e.g., 

formic acid) to enhance protein precipitation and stabilise metabolite solubility 

(Mushtaq et al., 2014).  

6.2.5 Change in Bucketing Strategies 

Different bucketing strategies were applied across chapters depending on the analysis 

requirements. Fixed-width bucketing, used in Chapter 4, offers greater reproducibility 

and is easily automated, although regions with noise or water still require manual 

exclusion. However, fixed-width bucketing cannot avoid peak splitting or overlapping. 

To address this, manual bucketing was used in Chapters 3, 5, and 6 to better align bucket 

boundaries with peak shapes, improving quantification accuracy. While less 

reproducible across operators, manual bucketing is more effective in resolving complex 

or overlapping signals. Looking ahead, deconvolution methods with robust 

reproducibility may offer a more consistent solution to signal overlap. 

6.2.6 Multi-omics Integration and Applications of Multiple Machine Learning 

Methods 

is thesis used NMR as analytical technique for metabolomics, which offered several 

advantages, including minimal sample preparation, fast analytical time, robust 

instrumentation, non-destructive analysis, detection of biologically important 

metabolites. However, NMR's sensitivity remains a significant limitation, restricting its 

ability to detect low-abundance metabolites. Integrating MS with NMR for 

metabolomics can improve metabolite coverage, increase accuracy of metabolite 

assignments and provides validation of metabolite changes (Bhinderwala et al., 2018). 

Such a combined approach not only provides a more holistic understanding of 

metabolic alterations but also increases the biological interpretability of results and has 

the potential to boost model performance.  

In addition to integrating analytical platforms, integrating metabolomics data from 

different tissues provides a broader view of an organism’s metabolic state and uncovers 



183 

tissue-specific metabolic alterations and cross-talk, enriching understanding of systemic 

metabolic regulation. e value of metabolomics integration further increases when 

combined with other omics layer, such as genomics, transcriptomics, proteomics and 

microbiome data. is multi-omics approach provides a more comprehensive 

understanding of the molecular mechanisms underlying metabolic pathways (C. Chen 

et al., 2023). For instance, combining transcriptomics with tissue-specific metabolomics 

can elucidate how gene expression changes influence metabolic processes in distinct 

tissues, while proteomics can shed light on enzyme activities and protein-metabolite 

interactions driving these processes. 

To enhance the analytical power of integrated omics datasets, additional machine 

learning methods can be employed alongside OPLS. Algorithms such as random forest 

(RF), support vector machine (SVM), extreme gradient boosting (XGBoost), and 

artificial neural networks (ANN) can bring unique strengths in feature selection, 

classification, and pattern recognition, making them valuable complements to OPLS. 

RF is valued for its speed, low risk of overfitting, evaluation of feature importance, and 

good performance on imbalanced or missing data (T. Chen et al., 2013). Similarly, 

XGBoost is effective for managing high-dimensional sparse data, is robust to missing 

values, and provides effective tools for evaluating feature importance (Yuan et al., 2024). 

SVM performs particularly well in scenarios with a large number of features and a small 

number of training samples (Heinemann et al., 2014). Meanwhile, ANN, particularly 

deep learning models, are capable of uncovering intricate, non-linear patterns and 

interactions, making it powerful for analysing large-scale multi-omics datasets (Mendez, 

Broadhurst, et al., 2019). 

Using a combination of machine learning methods can provide a more comprehensive 

evaluation of the data, enabling cross-validation of findings and reducing biases 

associated with relying on a single analytical approach. Moreover, advanced 

interpretability tools, such as Tree-based Shapley Additive Explanations (SHAP), can 

enhance the analysis by elucidating the contributions of individual features to predictive 
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models, improving the interpretations of metabolomics data (Bifarin, 2023; J. D. Zhang 

et al., 2023). 

6.3 Concluding Remarks 

is thesis has demonstrated the potential of NMR-based blood metabolomics as a 

diagnostic tool in antibody-mediated neurological diseases, specifically through the 

identification of biomarkers for AE and VGKC/GlyR-antibody-mediated psychosis. e 

research highlights the role of metabolic profiling in uncovering disease-specific 

metabolic signatures, offering promising insights for early diagnosis and personalised 

treatment strategies. Moreover, the thesis has contributed to the advancements of pre-

analytical methods for blood metabolomics and metabolite extraction protocols for 

brain metabolomics. e use of fluoride oxalate blood tubes effectively minimised pre-

analytical variability, paving the way for more robust and reproducible results in clinical 

studies. For brain tissue metabolomics, the methanol/water/chloroform extraction 

method emerged as a suitable approach for untargeted metabolomics. is method 

highlighted the importance of sufficient protein precipitation in preserving metabolite 

stability and ensuring reliable downstream analyses. 
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A range of studies suggest that a proportion of psychosis may have an autoimmune basis, but this has not translated through into
clinical practice—there is no biochemical test able to accurately identify psychosis resulting from an underlying inflammatory
cause. Such a test would be an important step towards identifying who might require different treatments and have the potential
to improve outcomes for patients. To identify novel subgroups within patients with acute psychosis we measured the serum
nuclear magnetic resonance (NMR) metabolite profiles of 75 patients who had identified antibodies (anti-glycine receptor [GlyR],
voltage-gated potassium channel [VGKC], Contactin-associated protein-like 2 [CASPR2], leucine-rich glioma inactivated 1 [LGI1], N-
methyl-D-aspartate receptor [NMDAR] antibody) and 70 antibody negative patients matched for age, gender, and ethnicity. Clinical
symptoms were assessed using the positive and negative syndrome scale (PANSS). Unsupervised principal component analysis
identified two distinct biochemical signatures within the cohort. Orthogonal partial least squared discriminatory analysis revealed
that the serum metabolomes of NMDAR, LGI1, and CASPR2 antibody psychosis patients were indistinct from the antibody negative
control group while VGKC and GlyR antibody patients had significantly decreased lipoprotein fatty acids and increased amino acid
concentrations. Furthermore, these patients had more severe presentation with higher PANSS scores than either the antibody
negative controls or the NMDAR, LGI1, and CASPR2 antibody groups. These results suggest that a proportion of patients with acute
psychosis have a distinct clinical and biochemical phenotype that may indicate an inflammatory subtype.
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INTRODUCTION
There are many lines of evidence to indicate that a proportion of
psychosis is linked to increased inflammation and may have an
autoimmune basis. Much of this evidence is indirect, such as the
association between schizophrenia and genes important for the
adaptive immune system [1, 2], and the higher rate of other
autoimmune disorders in those with schizophrenia than other
people [3, 4]. A more direct clue has come from the identification
of antibodies against neuronal cell surface targets in some
patients with psychosis [5]. These antibodies, when found in
patients with other clinical presentations, in particular autoim-
mune encephalitis, are considered causative, and removal of the
antibodies treats the associated clinical presentation [6–8].
Nuclear magnetic resonance (NMR) metabolomics analysis of

biofluid samples is a rapidly growing field which has been shown
to identify systemic inflammation and antibody-mediated pathol-
ogy in a range of diseases [9–11]. Recent studies suggest that the
serum metabolome may provide a more sensitive measure of low-
grade inflammation than current, clinically used, measures
[12, 13]. In addition, the application of unsupervised cluster
analysis to metabolomics data can reveal novel metabolic

phenotypes within patient cohorts [9, 14], inspection of the small
molecules responsible for this clustering can then reveal distinct
biochemical pathway changes in these groups. Here we apply
NMR serum metabolomics analysis coupled with unsupervised
pattern recognition methods to identify novel subgroups within a
cohort of psychosis patients and relate the identified metabolic
phenotypes to measures of disease severity at presentation, using
the positive and negative syndrome scale (PANSS), and the
presence of a range of neuronal cell surface antibodies in the
serum of these patients.
We have been screening patients with psychosis for neuronal

cell surface antibodies for the past nine years. Over this time the
range of antibodies that has been recognised has expanded, and
the evidence around the pathogenicity of some of these
antibodies has grown. For instance, pre-clinical studies support
the pathogenicity of the N-methyl-D-aspartate receptor (NMDAR)
antibody in patients with autoimmune encephalitis [15], and the
nature of the clinical syndrome is well characterised [6, 16]. The
clinical relevance of these antibodies in those with psychosis is
less certain, even though there are clear overlaps in terms of
symptoms seen [17]. Studies that have directly examined NMDAR
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antibodies from patients with psychosis also demonstrate their
functional effects on synaptic function [18], and small case series
of patients with psychosis and NMDAR antibodies demonstrate a
comparable treatment response to immunotherapy [19, 20]. By
contrast, the evidence around the pathogenicity of antibodies
targeting Voltage-Gated Potassium Channel (VGKC) is controver-
sial across all clinical presentations. This was the first neuronal cell
surface antibody to be described in association with encephalitis
in 2001 [21]. However, more recent studies have specified the
particular targets as being components of the VGKC – Leucine-rich
glioma-inactivated 1 (LGI1) and Contactin Associated Protein-like 2
(CASPR2) [22], such that the value of testing for generic VGKC
antibodies, using radioimmunoassay is now questioned in
encephalitis [23], and the clinical recommendation is to only test
for LGI1 and CASPR2 [24]. However, the utility of VGKC antibody
testing in neurological diseases other than encephalitis remains to
be seen. Indeed, other studies indicate that VGKC antibody assays
do still have value, indicating an immunotherapy responsive
illness in children for instance [25]. There are further antibodies
where clinical relevance in CNS disorders is more unclear, such as
Glycine receptor (GlyR) antibodies, more associated with progres-
sive encephalomyelitis with rigidity and myoclonus [26], and
others that are so rare that there is little to guide clinical practice
(GABA-A antibodies) [27].
In order to explore further understand the distinct metabolic

phenotypes identified in this psychosis cohort and investigate the
possible relevance of these antibodies that we have identified in
patients with psychosis, we included a cohort of antibody-positive
patients, age and gender matched to patients negative for all
antibodies tested, in our cohort. We had the hypothesis that those
with defined neuronal cell surface antibodies would have a
different metabolomic profile than those without. Furthermore,
we explored whether those patients with an inflammatory
metabolomic profile had a distinguishing clinical profile, to enable
clinicians to detect patients who may need treating in a
different way.

MATERIALS/SUBJECTS AND METHODS
Study participants
Serum samples were collected from 1574 patients with acute
psychosis across England as part of the Medical Research Council
(MRC) Prevalence of Pathogenic Antibodies in Psychosis study
(PPiP1 (2013–2014) and PPiP2 2015–2018). The inclusion criteria
for the study were ages 16–35, first episode of psychotic illness,
antipsychotic medication less than 6 weeks, and at least one
moderate or more severe symptom of psychosis. These criteria
were then broadened in 2016 to widen the age range 16–70 and
extend the length of illness to 24 months and included those at
relapse as well as first episode.
Following informed consent, a serum sample was collected,

alongside demographic details and a clinician rating of severity of
selected positive and negative syndrome scale (PANSS) items at
the same time point (P1 Delusions, P2 Conceptual disorganisation,
P3 Hallucinatory behaviour, N1 Blunted Affect, N4 Passive/
apathetic social withdrawal, N6 Lack of spontaneity and flow of
conversation, G5 Mannerisms and posturing and G9 Unusual
thought content) [28]. The items mentioned above were rated on
a 7-point scale: 1= absent, 2=minimal, 3=mild, 4=moderate,
5=moderate severe, 6= severe, and 7= extreme [28]. Clinicians
were asked to only rate the symptoms that were moderate or
more severe (≥4). Absent-mild symptoms did not have ratings by
clinicians, and their item score was considered as 1 during
statistical analyses. Total and subscales’ scores were calculated
with the eight items mentioned above.
For the participants in PPiP1 a full PANSS rating was obtained.

This therefore includes ratings of specific delusions of suspicious-
ness or grandiosity (P6 and P7) that were not included in the brief

PANSS ratings. We therefore allocated a single P1 rating for these
participants taking the highest scoring item from P1, P6 and P7 as
the rating for P1 for these participants.
A total of 145 patients with sufficient serum sample volume for

both antibody testing and metabolomics analysis were included in
this study; 75 patients who were antibody positive along with 70
antibody negative controls matched for age, gender, and
ethnicity, and illness course. Two patients were positive for more
than one Ab and so were excluded from model training.

Standard protocol approvals, registrations, and patient
consents
Written informed consent was obtained from all patients
according to the Declaration of Helsinki. Ethical approval was
obtained by the local research ethics committee (12/EE/0307 PID
97740).

Serum collection
Serum was collected in a serum separator tube, supplied by the
study team, and posted to Oxford. Samples were allowed to clot at
room temperature before being centrifuged at 1300 x g for 10 min
at room temperature. The serum supernatant was immediately
stored at −80 °C.

Antibody testing
Antibody testing for NMDAR, GlyR, GABAA, LGI1, CASPR2 IgG
antibodies was undertaken in Nuffield Department Clinical
Neuroscience, according to published methods [6, 22, 29]. Voltage
Gated Potassium Channel (VGKC) Antibodies were measured by
radioimmunoassay in a National Health Service (NHS) Clinical
laboratory (Oxford University Hospitals NHS Trust). A threshold of
100 pM was taken as the cut-off for a positive result. All samples
collected were tested for all antibodies.

Nuclear magnetic resonance (NMR) sample preparation for
metabolomics analysis
Serum samples were thawed at room temperature and centri-
fuged at 100,000 × g for 30 min at 4 °C. 150 µL of supernatant was
then diluted with 450 μL of 75 mM sodium phosphate buffer
prepared in D2O (pH 7.4). Samples were briefly centrifuged at
3000 × g for 5 min before transferring to a 5-mm NMR tube.
All NMR spectra were acquired at 310 K using a 700-MHz Bruker

AVIII spectrometer operating at 16.4 T equipped with a 1H [13C/15N]
TCI cryoprobe (Department of Chemistry, University of Oxford). The
Carr-Purcell-Meiboom-Gill (CPMG) pulse sequence was used to
suppress large protein resonance. Quality control samples were
randomly spread throughout the acquisition to ensure reproduci-
bility. All spectra were preprocessed in Topspin 2.1 (Bruker,
Germany); multiplied by a 1D exponential corresponding to a
0.3 Hz line broadening, and zero filled by a factor of 2. All spectra
were baseline corrected with a fifth-degree polynomial and
referenced to the lactate doublet at 1.33 ppm. Processed spectra
were exported to ACD/Labs Spectrus Processor Academic Edition
12.01 (Advanced Chemistry Development, Inc., Toronto, Canada),
whereby regions of the spectra between 0.80–8.47, excluding the
water resonance (4.13-5.22 ppm), were split into 0.02-ppm-wide
bins which were integrated and exported as a.csv file for statistical
analysis. Metabolite assignment was performed by referencing to
literature values, the Human Metabolome Database [30], and via
2D total correlation spectroscopy (TOCSY) experiments. NMR-
detectable serum/plasma metabolites have been previously
reported [31–33]. While all metabolite resonances were included
in our analysis, most abundant metabolites detectable in
serum NMR spectra included 3-hydroxybutyrate, acetoacetate,
alanine, arginine, citrate, creatine, creatinine, formate, glucose,
glutamate, glutamine, histidine, lactate, lipoproteins (high-density
lipoproteins [HDL], low-density lipoproteins [LDL], very low-density
lipoproteins [VLDL], and chylomicron), lysine, myo-inositol, N-acetyl
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glycoproteins (GlycA, GlycB), phenylalanine, proline, scyllo-inositol,
threonine, tyrosine, urea, and valine.

Statistical analysis
Analysis was performed in R software 3.4.3 (R foundation for
statistical computing, Vienna, Austria) and GraphPad Prism 9.0.0.
Mann-Whitney U test was used for non-normal continuous
variables in two-group comparisons. Ordinary one-way ANOVA
(with post hoc Tukey’s multiple comparisons test) was used for
continuous variables in comparisons of more than two groups.
When unequal variance present among groups, Brown-Forsythe
and Welch ANOVA tests (with Dunnett’s T3 multiple comparisons
test) were used instead. For variables with non-normal distribution
or limited group sample size, Kruskal-Wallis test with Dunn’s
multiple comparisons test was used in comparisons of more than
two groups. Fisher’s exact tests were used for categorical variables
as appropriate, while a Bonferroni correction was applied
throughout to account for multiple comparisons. Two-tailed p-
values ≤ 0.05 were considered statistically significant.
A power calculation (PPCA model using the R package

MetSizeR) [34–36] confirmed that a sample size of 12 per group
(total 24) is sufficient to achieve an FDR cut-off of 0.05 assuming
that 20% of the spectral bins measured significantly differ
between groups. Thus, the 19 samples collected within the
smallest group (VGKC/GlyR) are sufficient to identify metabolite
changes while also allowing a ‘test’ set to be removed.
Multivariate analysis of metabolomics data was carried out

using principal component analysis (PCA), an unsupervised
analysis showing spontaneous separation of groups, and ortho-
gonal partial least squares discriminant analysis (OPLS-DA), a
supervised method to identify significant metabolite changes
between groups. All multivariate analysis was using in-house R
scripts and the ropls package [37]. OPLS-DA models were
validated on independent test data (10%) using an external 10-
fold cross-validation strategy with repetition coupled with
permutation testing as previously described [12]. A detailed
explanation of the cross-validation strategy is included in the
supplementary material (Supplementary Fig. 1). All model
performance metrics (accuracy, sensitivity, and specificity) are
considered significant if they are greater than the corresponding
metrics from the random null distribution, determined by the
Kolmogorov–Smirnov. Discriminatory variables were identified by
calculating the average of the variable importance in projection
(VIP) scores of the ensemble of models, which indicated the
contribution of a variable to the model. An inflection point was
picked manually in the curve of VIP scores and was used as a cut-
off for picking discriminatory metabolites in multivariate. Fold
changes of discriminatory variables were then calculated and one-
way ANOVA with Tukey’s post-hoc corrections were conducted to
determine group differences. Two-tailed p-values ≤ 0.05 were
considered statistically significant in univariate.

RESULTS AND DISCUSSION
Patient demographics and antibody status
The most prevalent serum antibodies detected in those with
antibodies were NMDAR antibodies (47%, n= 35), followed by
VGKC antibodies (19%, n= 13). Two double-positive patients were
identified, one positive for both CASPR2 and VGKC antibodies and
another positive for both CASPR2 and NMDAR antibodies and so
these were excluded from model training. The groups were well
matched for age, gender, ethnicity, episode type, and illness
duration. The VGKC antibody-positive group had higher PANSS
total compared to the Control group (n= 70, p < 0.01, Kruskal-
Wallis test), LGI1 antibody positive group (n= 9, p < 0.05, Kruskal-
Wallis test) and NMDAR antibody positive group (n= 35, p < 0.05,
Kruskal-Wallis test) (Table 1).

Two distinct serum biochemical signatures were detected by
unsupervised analysis, which correspond to VGKC antibody
and GlyR antibody positivity
In an effort to identify novel psychosis subtypes within this
cohort, we performed an untargeted analysis of a large panel of
serum biochemicals (~100 NMR-detectable small molecules)
associated with inflammation, the acute phase response, energy
metabolism, amino acid degradation, and fatty acid oxidation.
Unsupervised PCA (blinded to antibody status and all other
demographic data) of the NMR metabolome alone, sponta-
neously separated the cohort in to two distinct groups of n= 18
and n= 125 (Fig. 1a). This suggests, that 18 of the patients in the
cohort have distinct serum biochemical signatures when com-
pared to all other samples. When demographic data was
superimposed on to the unsupervised scores plot no association
between this biochemically distinct group and age, gender,
ethnicity, episode type, or disease duration was observed
(Supplementary Fig. 2). However, a clear association with
antibody status was observed (Fig. 1b). All antibody negative,
NMDAR, LGI1 and CASPR2 antibody patients were found to fall
with the predominant biochemical signature group while all but
two VGKC antibody positive patients (85%, n= 11) and all GlyR
antibody positive patients (100%, n= 7) fell within the ‘distinct
biochemical signature’ group.
This suggests that the serum biochemical signature of NMDAR,

LGI1, and CASPR2 antibody psychosis patients is indistinguishable
from antibody negative psychosis patients. In contrast, VGKC and
GlyR antibody psychosis patients have a shared biochemical
signature which is distinct.

Significant metabolic imbalances including decreases in
serum lipoproteins along with increased amino acid
concentrations were observed in VGKC and GlyR antibody
positive psychosis patients
To further understand the biochemical perturbations associated
with sub-groups identified above, the cohort was split in to three
groups 1. A VGKC and GlyR antibody combined group (VGKC/GlyR,
n= 20), 2. a group consisting of patients with NMDAR, LGI1, or
CASPR2 antibodies (NMDAR/LGI1/CASPR2, n= 53), and 3. a
control group of patients negative for all antibodies tested
(Control, n= 70). Supervised OPLS-DA analyses was performed to
build predictive models and tested on independent data (data
that was not used to train the model).
No separation was observed between the control and NMDAR/

LGI1/CASPR2 antibody groups in the OPLS-DA scores plot (Fig. 2a)
and the performance of the model, on independent test data, was
not significantly better than that expected by random chance
(Fig. 2b, p value > 0.05, Kolmogorov-Smirnov test) confirming there
are no detectable differences in biochemical signature between
these groups in this cohort. In contrast, OPLS-DA was able to
predict which patients, in the test data, belonged to the VGKC/GlyR
group with 94.78 ± 0.80% accuracy, 99.76 ± 1.21% sensitivity, and
92.75 ± 2.21% specificity (p values all <0.001, Kolmogorov-Smirnov)
relative to controls (Fig. 2c, d) and 94.75 ± 0.75% accuracy,
99.60 ± 1.39% sensitivity, and 93.11 ± 2.12% specificity (p values
all <0.001, Kolmogorov-Smirnov) relative to NMDAR/LGI1/CASPR2
positive patients (Fig. 2e, f).
The metabolites perturbed in the VGKC and GlyR antibody

psychosis patients were identified by inspection of the variable
importance of projection (VIP) scores of the significant OPLS-DA
models described above. Significant decreases were observed in
several fatty acid resonances within serum lipoproteins (−CH3,
(−CH2-)n, -N(CH3)3, unsaturated fatty acid, =CH-CH2-CH2−) while
several amino acids (leucine, isoleucine, lysine, and valine) were
increased in the VGKC and GlyR antibody patients (Fig. 3 and
Supplementary Table 1, p values all <0.001, one-way ANOVA with
Tukey’s post hoc test).
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Table 1. Patient information, grouped by different neuronal cell surface antibodies (n= 143).

Ab negative (Ctrl) Ab positive GlyR-Ab VGKC-Ab CASPR2-Ab LGI1-Ab NMDAR-Ab

Number of patients 70 73 7 13 9 9 35

Age (years), median (IQR) 27 (15) 25 (13) 24 (10) 23 (8) 24 (11.5) 25 (15) 32 (18)

Gender, Female, no. (%) 31 (44.3) 30 (41.1) 4 (57.1) 5 (38.5) 3 (33.3) 1 (11.1) 17 (48.6)

Ethnicity (%)

White 71.4 67.1 100 61.5 55.6 77.8 62.9

Asian 12.9 12.3 0 0 22.2 11.1 17.1

Black (African/
Caribbean)

7.1 9.5 0 23.1 11.1 11.1 5.7

Mixed 4.3 6.8 0 7.7 11.1 0 8.6

Other 4.3 0 0 0 0 0 0

Unknown 0 4.1 0 7.7 0 0 5.7

Disease duration (duration
from the episode date to
the consent date, days),
median (IQR)

86 (258.8) 103 (244.5) 267 (399) 37 (23) 230 (317) 132 (404) 113 (229)

Unknown, no. 0 4 2 1 0 1 0

Episode type, no. (%)

First episode 45 (64.3) 50 (68.5) 7 (100) 13 (100)
(adjusted
p value= 0.51)

6 (66.7) 7 (77.8) 17 (48.57)

Relapse 24 (34.3) 22 (30.1) 0 (0) 0 (0) 3 (33.3) 1 (11.1) 18 (51.4)

Unknown 1 (1.4) 1 (1.4) 0 (0) 0 (0) 0 (0) 1 (11.1) 0 (0)

PANSS

Total score,
median (IQR)

12 (6) 14 (8.8) 19 (6) 23 (12.5)** 11 (8.5) 12 (4.5) 13 (7)

Unknown, no. 0 0 1 0 0 0 0

The Kruskal-Wallis test with Dunn’s multiple comparisons test was used to identify significant differences of each class compared to Control for numerical
variables (age, PANSS scores) while Fisher’s exact test was used for categorical variables. Ethnicity data was analysed by comparing White vs Combined Asian/
Black/Mixed/Other ethnic groups in Ctrl, combined VGKC/GlyR Group, combine NMDAR/LGI1/CASPR2 Group, as applicable to Chi-square test/Fisher’s exact
test. **p < 0.01.
Ctrl control, psychosis patients tested negative for the following neuronal cell surface antibodies. Ab antibody, psychosis patients tested positive for one of the
following neuronal cell surface antibodies. GlyR glycine receptor. VGKC voltage-gated potassium channel complex. CASPR2 contactin associated protein-like 2.
LGI1 leucine-rich glioma inactivated 1. NMDAR N-methyl-D-aspartate receptor. PANSS Positive and Negative Syndrome Scale. IQR Interquartile Range.
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Fig. 1 PCA scores plots of NMR serum metabolomics. a The NMR metabolite signature spontaneously separated the psychosis patient
cohort into two groups: the ‘predominant biochemical signature group’ and the ‘distinct biochemical signature group’. b Psychosis patients
who tested positive for serum antibodies against VGKC (red, n= 13) or GlyR (orange, n= 7) spontaneously separated from those who tested
positive for C2 (pink, n= 9), LGI1 (purple, n= 9), or NMDAR (blue, n= 35) and antibody negative Control (green, n= 70) samples.
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Fig. 2 OPLS-DA models discriminating VGKC/GlyR (red square, n= 20) samples from NMDAR/LGI1/CASPR2 (blue triangle, n= 53)
samples and Control (green circle, n= 70) samples using NMR serum metabolomic data. a, c, e OPLS-DA scores plots of NMDAR/LGI1/
CASPR2 v. Control, VGKC&GlyR v. Control, VGKC/GlyR v. NMDAR/LGI1/CASPR2. b, d, f Predictive accuracy of the ensemble of the OPLS-DA
models compared with that of the randomly permutated null distribution. Kolmogorov-Smirnov test. ***p < 0.001.
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Patients with elevated serum VGKC antibody or GlyR antibody
have significantly higher PANSS ratings
To determine whether the metabolism disturbances identified in
the VGKC and GlyR antibody patients were associated with a
distinct clinical phenotype, we investigated the PANSS scores
across these groups by comparing the median scores between
groups. VGKC and GlyR antibody patients had significantly higher
PANSS totals than either the antibody negative or NMDAR, LGI1,
CASPR2 antibody patients (both p values < 0.001, Kruskal-Wallis
test with Dunn’s multiple comparisons test) (Table 2). In exploring
the subscale scores, the VGKC/GlyR antibody had higher positive

symptoms, negative symptoms, and general symptoms than the
control patient groups (p values < 0.05, <0.05, and <0.001,
respectively, Kruskal-Wallis test with Dunn’s multiple comparisons
test) (Table 2). In order to explore the possibility that the
biochemical signature identified in the VGKC/GlyR group was a
marker of severity of illness, we undertook a separate OPLS-DA
model of high PANSS v low PANSS (independent of antibody
status). This resulted in lower accuracy, sensitivity, and specificity
of model, indicating that this metabolomic profile was not just a
marker of illness severity (−30.82%, −28.91%, and −26.51%
respectively).

Fig. 3 Levels of discriminatory serum metabolites selected by the OPLS-DA models in VGKC/GlyR (red, n= 20), control (green, n= 70),
and NMDAR/LGI1/CASPR2(blue, n= 53) groups. a–e Decreased levels of several fatty acid resonances within serum lipoproteins (−CH3,
(−CH2-)n, -N(CH3)3, unsaturated fatty acid, =CH-CH2-CH2−) in the VGKC/GlyR antibody group. f–k Increased levels of several amino acids
(leucine, isoleucine, lysine, and valine), choline and glucose in the VGKC/GlyR antibody group. Error bars: ±SEM. One-way ANOVA with Tukey’s
post-hoc corrections. ***p < 0.001.

Table 2. Comparison of PANSS scores of patients with VGKC/GlyR antibody, NMDAR/LGI1/CASPR2 antibody test, and antibody negative control
groups.

Ctrl VGKC/GlyR NMDAR/LGI1/CASPR2

Number of patients 70 19 53

Age (years), Median (IQR) 27 (15) 23 (8) 28 (15)

Gender, Female, no. (%) 31 (44.3) 8 (42.1) 21 (39.6)

PANSS, Median (IQR)

Positive symptom score 6 (2.3) 9 (5)* 7 (3)

Negative symptom score 3 (3) 6 (6)* 3 (3)

General symptom score 2 (0) 5 (5)*** 2 (0)†††

Total score 12 (6) 19 (8)*** 12 (6)†††

The PANSS score for one VGKC/GlyR patient was not available and so was excluded from this table.
The Kruskal-Wallis test with Dunn’s multiple comparisons test was used to identify significant differences of each class for numerical variables (age, PANSS
scores) while Fisher’s exact test was used for categorical variables. *Indicates significant differences of each class compared to Ctrl. †indicates significant
differences of each class compared to VGKC/GlyR. *p < 0.05, ***p < 0.001. †††p < 0.001.
Ctrl control, psychosis patients tested negative for the following neuronal cell surface antibodies. VGKC/GlyR voltage-gated potassium channel complex &
glycine receptor; psychosis patients tested positive for either antigen. CASPR2 contactin-associated protein-like 2; LGI1 leucine-rich glioma inactivated 1,
NMDAR N-methyl-D-aspartate receptor. NMDAR/LGI1/CASPR2 psychosis patients tested positive for CASPR2/LGI1/NMDAR. PANSS Positive and Negative
Syndrome Scale. IQR Interquartile Range.
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DISCUSSION
Unsupervised and untargeted metabolomics analysis identified a
biochemical signature of VGKC and GlyR antibody positive
psychosis which consisted of decreased fatty acid lipoprotein
levels along with increased leucine, isoleucine, valine, lysine, free
choline, and glucose concentrations.
Serum lipoproteins are increasingly recognised to play a role in

the immune system and active inflammation is commonly
associated with decreased small lipoprotein particles such as
high-density lipoproteins (HDL) and low density lipoproteins (LDL)
coupled with an increase in triglyceride concentration and the
larger, very low-density lipoprotein (VLDL) particles [38]. In
addition, pro-inflammatory cytokines have been shown to induce
dyslipidaemia [39] and lead to a reduction in HDL cholesterol [40].
Finally, increasing LDL cholesterol concentration and improving
HDL cholesterol efflux have been shown to improve C-reactive
protein (CRP) associated inflammation in diseases such as
rheumatoid arthritis [41, 42]. Thus, the decrease in fatty acid
lipoprotein signatures identified here are consistent with
increased inflammation in the VGKC and GlyR antibody-positive
groups.
Elevated plasma concentrations of branched chain amino

acids (BCAA) and lysine have been previously reported in people
with schizophrenia [43] and elevated BCAA inhibit transport of
dopamine and serotonin precursors (tyrosine and tryptophan,
respectively) into the brain, which can lead to anxiety and mood
disorders [44, 45] Elevated BCAA may also lead to insulin
resistance [46, 47] which is associated with first-episode
psychosis [48]. The significant increase in glucose concentration
observed here supports this and, along with the increased BCAA
levels identified, may be associated with the increased PANSS
scores observed in the VGKC and GlyR antibody positive
patients.
Taken together, the metabolomics analysis suggests a distinct

metabolomic phenotype in VGKC and GlyR antibody positive
patients which is associated with increased PANSS scores at
presentation, increased inflammation, and potentially decreased
neurotransmitter precursors and insulin resistance. Future work,
on a larger cohort, will investigate these pathways in more detail.
Our finding of a distinct metabolomic and clinical phenotype

associated with VGKC and GlyR antibodies was somewhat against
our original hypothesis. The neuronal cell surface antibodies with
the strongest evidence for pathogenicity are the NMDAR, LGI1,
and CASPR2 antibodies, with substantial case report evidence that
they have a direct effect on neuronal function and cause the
expression of neuropsychiatric illness. We, therefore, hypothesized
that these antibodies would be particularly associated with
biochemical markers of inflammation.
However, in spite of the accepted pathogenicity of these

antibodies it has also been recognized, paradoxically, that classical
measures of neuroinflammation may also be absent in these
patients, whether in MRI scans, or in serum or CSF measures of
inflammation [49, 50]. The absence of a distinctive metabolomic
profile in those with NMDAR/LGI1/CASPR2 serum antibodies in
psychosis does not necessarily indicate that these antibodies are
not having an effect in the brain in these patients.
VGKC and GlyR antibodies, by contrast do not have such a

strong literature to support their direct pathogenicity in neurop-
sychiatric disorders. A particularly influential paper, reviewing the
presence of VGKC antibodies in the absence of LGI1 or CASPR2
antibodies in a clinical cohort at the Mayo clinic, found that the
presence of the antibodies was not associated with an immu-
notherapy responsive illness [51, 52]. However, this clinical sample
was of largely older people with a range of other degenerative
diagnoses, and not comparable to a younger cohort of people
without comorbidity. It is possible therefore, in these cases that
the VGKC antibodies were a secondary, non-specific marker of
neurodegeneration.

A further clinical study suggests that non-LGI1, non-CASPR2
VGKC antibodies are a non-specific marker of an inflammatory
brain condition in children. A series of patients were tested for
antibodies, and separately rated according to clinical and
paraclinical measures into having a likely inflammatory brain
condition, or not. Of 39 patients with these VGKC antibodies, 30
were considered clinically to have an inflammatory condition. The
likelihood of an inflammatory condition was raised with a higher
titre of the antibody [25]. There are further case reports of those
with atypical dementia or pain syndromes and VGKC antibodies
that are responsive to immunotherapy, suggesting that these
antibodies may indeed be a marker of an inflammatory condition
[53]. Further work is now required to investigate the biological
function and relevance of titre level of these antibodies in
psychosis.
GlyR is a glycine-gated chloride ion channel typically expressed

on the surface of motor neurons in the brainstem and spinal cord,
regulating neuronal excitability. GlyR is also found in human
hippocampus, but its role here is less clear [54]. GlyR antibodies
were first described in progressive encephalopathy with rigidity
and myoclonus (PERM) [55], and not previously described in
association with psychiatric presentations [56].
Taken together, it is likely therefore that these antibodies are

acting as non-specific markers of a possible inflammatory
aetiology in these patients, rather than indicating a more specific
VGKC or GlyR pathology.
The association between the GlyR and VGKC antibodies and

higher PANSS ratings overall indicates patients with these
antibodies are less responsive to antipsychotic medication. The
finding of greater negative symptoms in this group is in keeping
with the notion that negative symptoms are the result of
neuroinflammation, with inflammatory stimuli decreasing neural
activity in the ventral striatum, decreasing connectivity in reward
pathways, and resulting in a lack of motivation in patients [34].
There are limitations to this study. As this was a pilot study and

a number of different antibodies were included, the numbers in
each group were small. There was no significant difference in any
of the potential confounders investigated (age, gender, ethnicity,
episode type). Nonetheless, we investigated the effect of each
potential confounder on the multivariate model and further
confirmed that neither age, gender, ethnicity, nor episode type
were contributing factors to the models (Supplementary Fig. 2).
Prescribed medication was not recorded in participants

recruited after 2016 and it is possible that this could affect the
metabolomic profile seen. However, in the samples collected prior
to 2017 almost all patients were prescribed atypical antipsycho-
tics, in keeping with usual clinical practice in UK. It is a reasonable
assumption that similarly the later patients were also all
prescribed an atypical antipsychotic. There would be no reason
why those with antibodies would systematically be given a
different medication, although we cannot prove this.
The samples were all collected in the same brand of serum

separator tube that was supplied by the study team, and the
samples were assessed by the same researcher for the presence of
antibodies, reducing chance of any systematic bias. The samples
were sent at room temperature to the study team. This led to a
delay of a day or two before the samples were processed. This
delay likely led to a degradation of samples, and a consequent
lack of sensitivity to detect some metabolites. We did not measure
motor symptoms in the patients to know whether there were any
correlates with the GlyR antibodies. Finally, we did not include any
other psychiatric or neurological groups, and therefore are unable
to say whether this pattern is distinct to psychosis, or not.
These limitations do not detract from the main finding of a

biochemically distinct subgroup of patients with first episode
psychosis that is associated with higher PANSS scores and VGKC
and GyR antibody positivity, which indicates a potential inflam-
matory aetiology for a proportion of patients, and gives the
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potential for different treatment approaches for these patients.
Further work is now required to validate the biomarkers identified
in a larger, prospective cohort and assess the performance of our
multivariate diagnostic model to other inflammatory diseases of
the central nervous system and routinely used inflammatory
markers.
In conclusion we have demonstrated a distinct biochemical

profile of a subgroup of patients with acute psychosis who have a
more severe illness. This is particularly exciting, because it is these
patients, resistant to current antipsychotic medication, that are in
particular need of new therapeutic approaches. If confirmed, these
findings could therefore lead to the trial of novel targeted
treatments on the basis of individuals’ metabolomic profile.

DATA AVAILABILITY
Anonymized data and code will be shared by request from any qualified investigator.
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Abstract

Objective: Differentiating forms of autoimmune encephalitis (AE) from other

causes of seizures helps expedite immunotherapies in AE patients and informs

studies regarding their contrasting pathophysiology. We aimed to investigate

whether and how Nuclear Magnetic Resonance (NMR)-based metabolomics

could differentiate AE from drug-resistant epilepsy (DRE), and stratify AE sub-

types. Methods: This study recruited 238 patients: 162 with DRE and 76 AE,

including 27 with contactin-associated protein-like 2 (CASPR2), 29 with

leucine-rich glioma inactivated 1 (LGI1) and 20 with N-methyl-D-aspartate

receptor (NMDAR) antibodies. Plasma samples across the groups were analyzed

using NMR spectroscopy and compared with multivariate statistical techniques,

such as orthogonal partial least squares discriminant analysis (OPLS-DA).

Results: The OPLS-DA model successfully distinguished AE from DRE patients

with a high predictive accuracy of 87.0 � 3.1% (87.9 � 3.4% sensitivity and

86.3 � 3.6% specificity). Further, pairwise OPLS-DA models were able to strat-

ify the three AE subtypes. Plasma metabolomic signatures of AE included

decreased high-density lipoprotein (HDL, �(CH2)n�, –CH3), phosphatidylcho-

line and albumin (lysyl moiety). AE subtype-specific metabolomic signatures

were also observed, with increased lactate in CASPR2, increased lactate, glucose,

and decreased unsaturated fatty acids (UFA, –CH2CH=) in LGI1, and increased

glycoprotein A (GlycA) in NMDAR-antibody patients. Interpretation: This

study presents the first non-antibody-based biomarker for differentiating DRE,

AE and AE subtypes. These metabolomics signatures underscore the potential

relevance of lipid metabolism and glucose regulation in these neurological dis-

orders, offering a promising adjunct to facilitate the diagnosis and therapeutics.

Introduction

Epilepsy is a heterogeneous neurological disorder charac-

terized by recurrent and unpredictable epileptic seizures,

affecting approximately 50 million people worldwide.1

Despite the availability of pharmacological treatments, a

significant proportion of people with epilepsy (30%)

experience drug-resistant epilepsy (DRE) and do not

respond to conventional therapies.2 Autoimmune enceph-

alitis (AE) describes a group of autoantibody-mediated

brain disorders characterized by seizures and neuropsychi-

atric symptoms with autoantibodies targeting neuroglial

cell-surface proteins.3–5 AE typically gives rise to acute

seizures which, like DRE, are often refractory to anti-
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seizure medications (ASMs).4,5 Further, many series in AE

patients, especially those with leucine-rich glioma inacti-

vated 1 (LGI1)-antibodies, identify cases originally diag-

nosed with a non-autoimmune form of epilepsy.6–8 More

rarely, acute AE gives rise to chronic epilepsy.9,10

Timely diagnosis and initiation of immunotherapies are

crucial for optimal prognosis in AE.6,11 The diagnosis of

AE typically involves a combination of clinical features,

laboratory antibody tests and imaging.6–12 While the detec-

tion of neuronal surface antibodies (NSAbs) is a valuable

tool, it can be expensive, laborious, and time-sensitive,

leading to potential delays in treatment initiation. More-

over, false positive antibody test results are well-recognized

to harm patient care7 and, as there are many seronegative

cases, negative test results do not exclude AE.13 Hence, fur-

ther adjunctive diagnostics are valuable to AE patients.

They may also guide therapy and prognosis. Currently, no

robust stratifying biomarkers exist.

Nuclear magnetic resonance (NMR) metabolomics, in

combination with multivariate statistical techniques and

machine learning, has emerged as a valuable approach for

identification of potential biomarkers and disturbed meta-

bolic pathways, as well as the diagnosis and staging of

diseases.14 Recent studies have demonstrated the value of

NMR metabolomics in detecting systemic inflammation

and autoantibody-mediated pathology in central nervous

system (CNS) diseases with overlapping symptoms.15,16

Previous work has demonstrated 1H NMR metabolomics

can successfully discriminate between subsets of

autoantibody-mediated psychosis, distinguish multiple

sclerosis from autoantibody-mediated neuromyelitis optica

spectrum disorder (NMOSD), and differentiate various

subtypes of antibody-mediated NMOSD.15,16 In this study,

we hypothesized that NMR metabolomics coupled with

robust multivariate analytical methods might distinguish

AE from DRE and, further, differentiate three of the com-

monest subtypes of AE, associated with autoantibodies

against LGI1, N-methyl-D-aspartate receptor (NMDAR)

and contactin-associated protein-like 2 (CASPR2).

Methods

Human subjects

AE and DRE patients were recruited from John Radcliffe

Hospital, Oxford, UK. The study was approved by the

Research Ethics Committee (REC16/YH/0013) and all par-

ticipants gave written informed consent. Matched clinical

information was retrieved from the electronic patient

record (Cerner Millenium). AE patients were diagnosed

based on their clinical syndrome in association with serum

and CSF antibody positivity at the peak of their disease

determined by fixed and live cell-based assays for CASPR2

and NMDAR-antibodies, and serum positivity alone for

LGI1-antibodies, as described previously.17,18 Inclusion cri-

teria for DRE patients were stipulated such that: (1) DRE

patients with known positive antibody results were

excluded from the analysis, and (2) Patient records of the

DRE patients were reviewed to further exclude cases poten-

tially associated with autoimmune etiologies. Blood was

collected in BDTM VacutainerTM Lithium Heparin tubes (BD

367886) and plasma was isolated by centrifugation at 500 g

for 10 min at room temperature prior to storage at �80°C.

NMR spectroscopy

On the day of NMR data acquisition, plasma samples

were defrosted at room temperature before being centri-

fuged at 100,000 g for 30 min at 4°C. 150 lL of the

plasma samples were then mixed with 400 lL NMR

buffer (75 mM phosphate buffer in D2O, pH 7.4) and

transferred to a 5 mm borosilicate NMR tube (Norell).

NMR metabolomics analysis of plasma was conducted

as previously described.15 NMR spectroscopy was per-

formed using a 700-MHz Bruker AVIII spectrometer

(Department of Chemistry, University of Oxford) operat-

ing at 16.4 T equipped with a 1H [13C/15N] TCI cryo-

probe at 298 K. 1H spectra of human plasma were

acquired using a spin-echo Carr–Purcell–Meiboom–Gill
(CPMG) sequence (s interval of 400 ls, 80 loops, 40 ms

total filter time, 32 data collections, 1.5 s acquisition time,

relaxation delay of 2 s, fixed receiver gain) to suppress

broad signals arising from large molecular weight plasma

components. For quality control, pooled samples were

spread throughout the run to monitor technical variation.

Resulting free induction decays were zero-filled by a

factor of 2 and multiplied by an exponential function cor-

responding to 0.30 Hz line broadening prior to Fourier

transformation. All spectra were phased, baseline cor-

rected, and referenced to the lactate –CH3 doublet reso-

nance at d = 1.33 ppm, followed by visual inspection for

errors and contaminations (Topspin 4.1, Bruker, Ger-

many). Plasma NMR spectra were rationally divided into

122 spectral bins to avoid overlapping signals, integrated

and normalized by the sum within each sample, account-

ing for any variations in sample dilution (ACD/Labs

Spectrus Processor Academic Edition 12.01, Advanced

Chemistry Development, Inc.). Integral values were pareto

scaled prior to multivariate analysis.

Metabolite assignments for NMR signals was performed

by referencing to literature values,19–22 the Human Meta-

bolome Database,23 and via 2D total correlation spectros-

copy (TOCSY) experiments. Approximately 50

metabolites, including a range of lipoprotein and lipid

species, amino acids, glucose, organic acids, nucleotides,

and amides were identified.
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Statistical analysis

Multivariate analyses were performed in R software 4.1.2

(R Foundation for Statistical Computing, Vienna, Austria)

using in-house R scripts and the ropls package.24 Orthog-

onal partial least squares discriminant analysis (OPLS-

DA), a supervised method, was used to generate diagnos-

tic models and identify significant differences in metabo-

lite levels between groups. The number of orthogonal

components was optimized through 10 repetitions of the

default 7-fold internal cross validation, with the final

number determined by the median value obtained from

the ten repetitions. OPLS-DA models were validated using

a 10-fold external cross validation with 100 repetitions

and permutation testing, as previously described.16 Details

of model optimization and cross validation were

described in Figure S1. Discriminatory variables were

identified by calculating the average of the variable

importance in projection (VIP) scores.

Univariate statistical analyses, such as Student’s t test

or one-way ANOVA, were performed to identify signifi-

cant differences in the mean for each discriminatory

metabolite. Benjamini-Hochberg method was used to

control the false discovery rate at 0.05. Univariate

Receiver Operating Characteristic (ROC) analyses and

multivariate ROC analyses on a combination of features

using logistic regression were performed using MetaboA-

nalyst 5.0.25 For patient demographic and clinical infor-

mation, normality was tested by Anderson-Darling test.

Kruskal-Wallis test with Dunn’s multiple comparisons test

was used to identify significant differences for non-nor-

mal continuous variables. Chi-Square test with Bonferroni

correction for multiple comparisons was used for categor-

ical variables. Adjusted two-tailed p-values ≤0.05 were

considered statistically significant.

Results

Clinical features

The patient cohort (n = 238) comprised 162 DRE

patients, and 76 AE patients including 27 with CASPR2-,

29 with LGI1-, and 20 with NMDAR-antibody encephali-

tis. Baseline demographic and treatment details are sum-

marized in Table 1. The median age of the DRE patients

was 37 years old and 62% were female. As expected,

CASPR2 and LGI1 patients were older compared to DRE

and more were males (89% and 79%, respectively),

whereas NMDAR-antibody encephalitis patients had a

median age of 30 and were predominantly female

(95%).6,17,18 While all DRE patients were receiving ASMs

(100%), the percentage was lower in AE patients (54%)

who frequently received immunotherapies. Again, as

expected, more AE patients (19% CASPR2-, 24% LGI1-,

40% NMDAR-antibody patients) had systemic tumors,

also focal and generalized seizures contrasted across the

cohorts. DRE patients were relatively stable and provided

their blood samples during routine outpatient clinics,

while AE patients were potentially sampled both during

acute in-patient stays and at outpatient clinics.

NMR plasma metabolomics coupled with
OPLS-DA models discriminate autoimmune
encephalitis patients from those with drug-
resistant epilepsy

To compare plasma metabolomic signatures between

DRE (n = 162) and AE patients (n = 76), 1H NMR spec-

troscopy was performed with predictive models of OPLS-

DA using 10-fold external cross validation. Cross valida-

tion and permutation testing showed that the model was

able to identify AE patients in the test set from DRE

patients with 87.0 � 3.1% accuracy, 87.9 � 3.4% sensi-

tivity and 86.3 � 3.6% specificity and the model per-

formed significantly better than random chance

(50.0 � 5.3% accuracy, 50.0 � 6.9% sensitivity,

49.8 � 7.4% specificity, p <0.001, Kolmogorov–Smirnov

test), indicating it is both robust and not a result of over-

fitting (Fig. 1A–C, Table S1). In addition, NMR spectra

were also obtained for three subjects selected to have

post-AE epilepsy who had AE for 2–3 years before being

treated as epilepsy with only ASMs (refer to Table S2 for

detailed case information). Notably, when applying this

OPLS-DA model to predict these three patients using

their plasma metabolome, all three patients were classified

as epilepsy, clustered with the DRE group (Fig. S2).

Mean spectra from DRE patients and AE patients

(Fig. 1D) show discriminatory metabolites derived from

the model. Compared to DRE patients, AE patients had

increased plasma lactate, glucose and decreased high-den-

sity lipoprotein (HDL, fatty acyl chain –(CH2)n–, –CH3

in lipoproteins, the spectral integral predominated by

HDL), phosphatidylcholine (N+(CH3)3, choline-contain-

ing phospholipids, predominantly phosphatidylcholine),

unsaturated fatty acids (UFAs, –CH2CH = from the

unsaturated fatty acyl components) and albumin (lysyl

moiety of albumin)22 (Table S3).

Univariate ROC analysis was conducted for each of the

most discriminatory metabolites, indicating their individ-

ual potential to classify AE and DRE patients with an

AUC ranging from 0.59 to 0.72 (Fig. 2A–F). Multivariate

ROC analysis coupled with logistic regression on all the

11 most discriminatory resonances yielded an AUC of

0.820 (95% CI: 0.744–0.907). Notably, when selecting lac-

tate, HDL (–CH3), the albumin lysyl moiety, and glucose,

four features with lower covariation that are routinely
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measurable in the clinical setting, the ROC analysis

showed a comparable AUC of 0.820 (95% CI: 0.742–
0.892) (Fig. 2G).

Distinct metabolomic signatures identified
for each AE subtype

Upon further examination of the discriminatory metabo-

lites, each AE subtype appeared to have its own unique

metabolic signature apart from the shared metabolomic

perturbation in HDL –(CH2)n–, HDL –CH3, phosphati-

dylcholine and the albumin lysyl moiety (Fig. 3A). Plasma

lactate levels were increased in LGI1-antibody encephalitis

patients, and, even more so, in CASPR2-antibody enceph-

alitis patients. Elevated plasma glucose and decreased

UFA were only observed in the plasma of LGI1-antibody

patients. Individual OPLS-DA models were developed

for each AE subtype, compared to the DRE group. These

Table 1. Patient demographic and clinical information.

DRE (N = 162)

AE-CASPR2

(N = 27)

AE-LGI1

(N = 29)

AE-NMDAR

(N = 20)

p value (adjusted

p value)

Age, median (IQR) 37 (27, 48)C L 74 (66, 78)D N 72 (57, 73)D N 30 (23, 58)C L <0.001 (<0.001)

Sex, n (%)

Female 100 (62%)C L N 3 (11%)D N 6 (21%)D N 19 (95%)C D L <0.001 (<0.001)

BMI, median (IQR) 27 (24, 31) 27 (23, 28) 26 (20, 31) 28 (21, 32) 0.7 (>0.9)

Unknown 60 (37%) 20 (74%) 21 (72%) 10 (50%)

Use of ASMs, n (%) <0.001 (<0.001)

Yes 162 (100%)C L N 17 (63%)D N 20 (69%)D N 4 (20%)C D L

Unknown 0 3 (11%) 2 (7%) 0

Use of steroids, n (%) <0.001 (<0.001)

Yes 1 (1%)e,C L N 6 (22%)D L 17 (59%)C D 7 (35%)D

Unknown 0 1 (4%) 2 (7%) 1 (5%)

Use of other immunotherapies, n (%) <0.001 (<0.001)

Yes 2 (1%)C L N 9 (33%)D 11 (38%)D 9 (45%)D

Unknown 0 1 (4%) 2 (7%) 0

Identified tumor(s), n (%)a 0.0013 (0.010)

Yes 21 (13%)L N 5 (19%) 7 (24%)D 8 (40%)D

Unknown 0 7 (26%) 12 (41%) 0

Seizure semiology, n (%) <0.001 (<0.001)

Focal seizures 121 (75%)L N 19 (70%) 24 (83%)D 1 (5%)D

Focalb 65 19 20 1

Focal + FBTCSc 56 0 4 0

Generalized 39 (24%)L N 1 (4%) 1 (3%)D 5 (25%)D

GTCS 36 1 1 5

Otherd 3 0 0 0

Unknown 2 (1%) 7 (26%) 4 (14%) 14 (70%)

Disease duration (from onset to sampling date,

months), median (IQR)

160 (180)C L N 38 (38)D 25 (46)D 16 (24)D <0.001 (<0.001)

Unknown 1 (1%) 0 0 0

Seizure-free days (from last seizure to sampling date),

median (IQR)

16 (143)C L N 646 (1369)D 272 (726)D 814 (761)D <0.001 (<0.001)

Never had seizures 0 7 (26%) 2 (7%) 12 (60%)

Unknown 0 2 (7%) 3 (10%) 2 (10%)

Kruskal-Wallis test with Dunn’s multiple comparisons test was used to identify significant differences of each class in age, BMI, disease duration

and seizure-free days. Pairwise Chi-Square test with Bonferroni correction for multiple comparisons were used for categorical variables. Omnibus

p-values and adjusted omnibus p-values with Bonferroni correction across demographic variables were reported. D, C, L, and N indicate a signifi-

cant difference (p < 0.05) exists with DRE, CASPR2, LGI1, NMDAR, respectively, in the corresponding post-hoc multiple comparisons.

GTCS, generalized tonic–clonic seizure; IQR, interquartile range.
aIdentified tumors encompass any tumor (including cancer) detected anywhere in the whole body (including brain), as documented in the elec-

tronic patient records at the time of blood sampling.
bIncludes focal aware seizures and focal impaired awareness seizures.
cFocal seizures and focal to bilateral tonic–clonic seizures (FBTCS).
dAbsence seizures, myoclonus.
eThe patient was on lifelong hydrocortisone replacement due to childhood-onset hypopituitarism, unrelated to autoimmune pathology.
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Figure 1. Altered plasma metabolome between AE patients and DRE patients. (A) Representative OPLS-DA scores plot showing separation of AE

(circle, n = 76) from DRE (square, n = 162) patient plasma samples. AE plasma samples are colored according to the subtype (autoantibody

specificity, CASPR2/LGI1/NMDAR, blue/green/orange). The ellipses indicate 95% confidence interval. The OPLS-DA model was generated with 1

predictive component and 7 orthogonal components. CV, cross validation. (B) Predictive accuracy of the ensemble of the OPLS-DA models

compared with that of the randomly permutated null distribution. Kolmogorov–Smirnov test. ***p <0.001. (C) Discriminatory metabolites driving

the separation of the OPLS-DA models, ranked by VIP scores. The top 11 resonances, identified with the inflexion point with a VIP score cutoff of

1.4, were labelled. “/” indicates the mentioned metabolites are overlapped in the spectral region. Metabolite names in square brackets refers to

non-dominant overlapping metabolites also found in that spectral region. VLDL, very-low-density lipoproteins. CM, chylomicrons. (D) Mean NMR

spectra of plasma samples from AE (red, n = 76) and DRE patients (black, n = 162) highlighted and labelled with discriminatory metabolites

derived from the OPLS-DA models.
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Figure 2. ROC analysis for discriminatory metabolites. (A–F) Boxplots of the highest ranked discriminatory metabolites identified by the OPLS-DA

model in AE versus DRE. Gray lines were ROC curves of each metabolite. Yellow lines indicate optimal cutoff (closest to top-left corner) from

univariate ROC analyses. (G) Multivariate ROC analysis on a combination of 11 most discriminatory NMR resonances from the OPLS-DA model

(black) and on 4 selected features (red).
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models achieved cross validation accuracies of

80.0 � 5.1%, 82.3 � 5%, and 80.4 � 7.3% for distin-

guishing CASPR2-, LGI1- and NMDAR-antibody enceph-

alitis, respectively, from DRE (Table S1). Notably, distinct

metabolite signatures were identified for each subtype,

including lactate, HDL (–CH3, �(CH2)n�), and phospha-

tidylcholine for CASPR2; HDL (–CH3, �(CH2)n�), lac-

tate, phosphatidylcholine, glucose and UFA for LGI1; and

phosphatidylcholine, HDL (�CH3, �(CH2)n�), and gly-

coprotein A (GlycA) for NMDAR (Fig. 3A, Fig. S3).

Pairwise OPLS-DA models were built within the three

AE subtypes to further study if each subtype can be strati-

fied based on the differences in the metabolomic alter-

ation. The accuracies of the models (CASPR2 vs. LGI1,

CASPR2 vs. NMDAR, LGI1 vs. NMDAR) were

69.2 � 3.0%, 68.9 � 5.4%, and 77.5 � 5.0%, respectively

(Table S1). The significantly superior performance of the

models than random chance (p <0.001, Kolmogorov–
Smirnov test) indicated distinct metabolomic alterations

exist within the three AE subtypes (Figs. S4 and S5,

Table S4). Specific alterations in plasma metabolome in

each AE subtype relative to DRE and each other are sum-

marized in the Venn diagram (Fig. 3B).

Potential confounding factors including
seizure semiologies

To investigate whether different seizure semiologies or the

seizure proximity (Table 1) were reflected in the plasma

metabolome, OPLS-DA models were built to compare

patients with focal seizures (n = 121) versus patients with

generalized seizures (n = 39). However, the 10-fold cross

validation demonstrated a mean accuracy of 55.8 � 5.9%,

only marginally superior to random chance. Even when

employing a subset of patients with focal aware/impaired

awareness seizures (n = 20) matched with patients

experiencing generalized tonic–clonic seizures (GTCS)

(n = 20) in terms of age, gender, and seizure-free days,

the model yielded a mean accuracy of 57.0 � 4.7%. Simi-

larly, when assessing the impact of seizure proximity by

stratifying patients who had seizures in less than 15 days

(n = 79) versus those without seizures for more than

300 days (n = 38), the model had a mean accuracy of

58.8 � 6.0%. These results suggest that the impact of epi-

lepsy on the blood metabolome is independent of the

location, the type, and the proximity of seizure.

Other potential confounders lie in the observation that

DRE and AE cohorts have multiple differences, as out-

lined in Table 1. To examine the influence of these poten-

tial confounders in our model, scores plots demonstrating

the separation of the two groups were colored according

to each variable to test for observable correlations

(Fig. S6). Among these, age, the use of steroids and other

immunotherapies displayed notable correlations. Conse-

quently, we constructed OPLS-DA models based on

younger (<25, n = 34) versus older (>50, n = 32) DRE

patients, and the model was able to distinguish younger

versus older DRE with a 71.9 � 4.0% cross validation

accuracy. Nonetheless, the discriminatory metabolite reso-

nances responsible for the age separation were mainly

very-low-density lipoprotein –(CH2)n– (VLDL, 1.26–
1.32 ppm) and unsaturated fatty acids –HC=CH– (5.25–
5.38 ppm), different from those driving the separation

between DRE and AE (Fig. S7).

A substantial proportion of the AE cohort was under-

going treatment with steroids and/or other immunother-

apies. The OPLS-DA model was able to distinguish

between AE patients who were using steroids (n = 30)

and those who were not (n = 42), with a cross validation

accuracy of 65.4 � 4.1%. AE patients on steroids exhib-

ited elevated glucose and GlycA levels (Fig. S8). However,

the OPLS-DA model yielded only a 55.7 � 4.5% cross

validation accuracy to identify AE patients receiving other

immunotherapies (n = 44 + 25) (Fig. S9). Therefore,

while steroid administration may contribute marginally to

the elevation of glucose levels in the AE versus DRE

cohorts, the AE pathology remains the primary factor dis-

tinguishing their plasma metabolomics.

Discussion

In this study, we demonstrated the ability of metabolo-

mics to differentiate patients with AE from those with

DRE, and to separate three common subtypes of

autoantibody-mediated AE. To our knowledge, this repre-

sents the first biomarker offering these discriminatory

properties. While autoantibody assays will likely remain

the gold standards, our NMR-based blood test offers a

promising adjunct to facilitate the diagnosis of AE given

the speed of testing, affordability, and high diagnostic

accuracy. Metabolomic testing may be especially valuable

when patients present with seizures in the absence of

obvious causes such as traumatic brain injury, neoplasms,

and infectious disease. Moreover, as autoantibody assays

only detect known antibodies, it is conceivable that

patients harboring unknown NSAbs may be detected with

NMR approaches.26,27 While prior research has explored

non-antibody-based biomarkers such as neurofilament

light chain (NfL) and cytokines,28–31 these have limita-

tions, such as NfL’s susceptibility to age and various con-

founding factors. Hence, the unique advantages offered

by our NMR metabolomics methods in AE diagnosis and

subtype differentiation may prove valuable for several

applications.

In this study, we have found that different AE subtypes

(CASPR2, LGI1, NMDAR) have both overlapping and
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Figure 3. Specific alteration in plasma metabolome in each AE subtype. (A) Heatmap of percentage changes in key metabolites identified by the

OPLS-DA models of AE versus DRE, and in each AE subtype relative to the DRE group. Numbers in the square brackets represent the boundary of

corresponding spectral region in ppm. “/” indicates the mentioned metabolites are overlapped in the spectral region. Metabolite names in square

brackets refers to non-dominant overlapping metabolites also found in that spectral region. * Significance in mean compared to DRE group (q < 0.05

in univariate analysis). (B) Venn diagram illustrating metabolic signatures of AE subtypes. Metabolites in black were identified from OPLS-DA models

of AE versus DRE, and each AE subtype versus DRE, while metabolites in gray were identified from OPLS-DA models of pairwise AE subtype

comparisons. HDL, high-density lipoprotein. UFA, unsaturated fatty acids. PUFA, polyunsaturated fatty acids. GlycA/B, Glycoprotein A/B.

1904 ª 2024 The Author(s). Annals of Clinical and Translational Neurology published by Wiley Periodicals LLC on behalf of American Neurological Association.

NMR Plasma Metabolomics Differentiates AE from DRE W. Xiong et al.

 23289503, 2024, 7, D
ow

nloaded from
 https://onlinelibrary.w

iley.com
/doi/10.1002/acn3.52112 by O

xford U
niversity, W

iley O
nline L

ibrary on [14/01/2025]. See the T
erm

s and C
onditions (https://onlinelibrary.w

iley.com
/term

s-and-conditions) on W
iley O

nline L
ibrary for rules of use; O

A
 articles are governed by the applicable C

reative C
om

m
ons L

icense



distinct metabolome perturbations, suggesting the exis-

tence of both shared and distinct pathogenic mechanisms.

Here we show that the common plasma metabolomic sig-

natures shared by AE patients include decreased levels of

HDL (fatty acyl chain –(CH2)n–, –CH3 resonances), phos-

phatidylcholine and albumin (lysyl moiety). While the

clinical signs in AE are largely associated with the interac-

tion with their respective target antigens in the CNS,

there is also some peripheral expression of these proteins

(e.g. LGI1), where autoimmune response might have con-

tributed to the altered blood chemistry profiles that we

have observed.32

Lipid profiles, especially with decreased HDL levels, are

implicated in inflammatory and autoimmune diseases.

For example, low HDL cholesterol and high triglycerides

levels have been associated with higher levels of multiple

sclerosis disability, as well as poor recovery and relapse in

NMOSD.33–36 Additionally, several studies have found

lower HDL-cholesterol levels in individuals with

NMDAR- antibody encephalitis compared to healthy con-

trols, and associated with a poorer prognosis and

increased likelihood of relapse.37–39

Decreased levels of –N(CH3)3 resonances from phos-

phatidylcholine were found in AE plasma in our study,

and were highly positively correlated with HDL –CH3

levels (r = 0.95, p <0.001, Fig. S10). As phosphatidylcho-

line is the main phospholipid present in plasma and an

integral component of lipoproteins (particularly HDL)

the observed decrease in phosphatidylcholine levels may

be attributed to the reduced levels of HDL. Additionally,

the decreased levels of phosphatidylcholine may occur

secondary to AE-induced inflammation, as cellular lipid

profiles are modulated following inflammatory stress,

including a decrease in phosphatidylcholines.40

Consistent with our findings, significantly lower albu-

min levels have been reported in AE patients, with plasma

albumin levels decreased in NMDAR-antibody encephali-

tis relative to healthy controls, and pre-treatment low

plasma albumin associated with worse prognosis in

AE.41,42 Albumin is a negative acute-phase reactant and

reduced serum albumin levels have been shown to corre-

late with systemic and central inflammatory disease, which

could be due to increased albumin degradation caused by

a high catabolic rate and elevated albumin transudation

resulting from increased capillary permeability.43,44 Thus,

taken together, the significant decreases observed in lipo-

protein and albumin resonances of AE patients observed

here, are consistent with an inflammatory metabolic

signature.

Our study has also demonstrated that various subtypes

of AE exhibit distinct metabolic changes, aligning with

the observation that different NSAbs are often associated

with distinct clinical syndromes and prognoses.12 Elevated

lactate levels were observed in both CASPR2- and LGI1-

antibody patients, especially for CASPR2-antibody

patients, while elevated plasma glucose levels were found

in CASPR2-antibody AE only. GlycA levels were higher in

NMDAR- and CASPR2-antibody patients but lower in

LGI1-antibody patients, while UFA levels were decreased

in LGI1-antibody encephalitis only.

Lactate is one of the most enriched by-products of cel-

lular metabolism in tissues with immune cell infiltration.

Studies have indicated that the activation of inflammatory

immune cells can cause a shift from oxidative phosphory-

lation to aerobic glycolysis, resulting in an increase in

lactate.45 For example, elevated levels of serum lactate,

have been reported in individuals with multiple sclerosis

and the increases are positively correlated with increasing

disability.46,47

GlycA/B, NMR specific biomarkers of systemic inflam-

mation, derive from the glycan moieties of acute-phase

proteins.48 Studies have reported elevated levels of GlycA

in patients with autoimmune diseases like rheumatoid

arthritis and systemic lupus erythematosus.49,50 Therefore,

the increased GlycA levels observed in NMDAR-antibody

patients are potentially indicative of ongoing inflamma-

tory processes in this patient population. However, alone,

GlycA is a non-specific marker.48

We acknowledge the limitations of our study, as it did

not include healthy controls nor patients with other

antibody-mediated diseases. Consequently, it is challeng-

ing to assert whether the identified pattern is specific to

AE. Nonetheless, we conducted a comparative analysis

with our prior research, wherein NMR metabolomics

enabled successful stratification of antibody-positive

NMOSD and relapsing remitting multiple sclerosis

patients, along with the identification of an inflammatory

subtype of psychosis associated with VGKC/GlyR

antibody.15,16 Notably, we observed some common signa-

tures in the autoantibody-positive NMOSD group,

including reduced phosphatidylcholine and lactate levels,

along with alterations in lipoprotein profiles.15 Moreover,

a similar profile with reduced phosphatidylcholine and

HDL levels, along with elevated glucose levels was

observed in the VGKC/GlyR antibody-positive psychosis

cohort.16 The shared metabolic signatures in these cohorts

with antibody-mediated diseases underscore the potential

relevance of lipid metabolism and glucose regulation in

various autoimmune and neurological conditions, war-

ranting further exploration of these metabolic pathways

for potential biomarkers or therapeutic targets.

In conclusion, this is the first study to use NMR-based

metabolomics in distinguishing AE patients from DRE

patients, highlighting the diagnostic potential of the

NMR-based blood test for such differentiation. Further-

more, each AE subtype was found to exhibit a distinct

ª 2024 The Author(s). Annals of Clinical and Translational Neurology published by Wiley Periodicals LLC on behalf of American Neurological Association. 1905

W. Xiong et al. NMR Plasma Metabolomics Differentiates AE from DRE

 23289503, 2024, 7, D
ow

nloaded from
 https://onlinelibrary.w

iley.com
/doi/10.1002/acn3.52112 by O

xford U
niversity, W

iley O
nline L

ibrary on [14/01/2025]. See the T
erm

s and C
onditions (https://onlinelibrary.w

iley.com
/term

s-and-conditions) on W
iley O

nline L
ibrary for rules of use; O

A
 articles are governed by the applicable C

reative C
om

m
ons L

icense



biochemical signature, providing insights into the distinct

metabolic impact of the different AE target antigens. Yet,

no discriminatory metabolomic signatures were observed

for different seizure semiologies or proximity in the DRE

cohort. However, it is clear that the blood metabolome of

someone experiencing status epilepticus is significantly

different from someone with control epilepsy patients.51

Future work need to validate identified biomarkers exter-

nally in an independent cohort. It will also be important

to explore the applicability of the NMR blood test in

identifying other AE subtypes, seronegative AE patients

and whether the AE metabolomic signature might be used

to predict the persistence of AE.
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Sodium fluoride preserves blood metabolite
integrity for biomarker discovery in large-scale,
multi-site metabolomics investigations†

Wenzheng Xiong, a,b Daniel C. Anthony,b Suzie Anthony,c Thi Bao Tien Ho, b

Edouard Louis,d Jack Satsangie and Daniel E. Radford-Smith *a,b

Background: Metabolite profiling of blood by nuclear magnetic resonance (NMR) is invaluable to clinical

biomarker discovery. To ensure robustness, biomarkers require validation in large cohorts and across mul-

tiple centres. However, collection procedures are known to impact on the stability of biofluids that may,

in turn, degrade biomarker signals. We trialled three blood collection tubes with the aim of solving techni-

cal challenges due to preanalytical variation in blood metabolite levels that are common in cohort

studies. Methods: We first investigated global NMR-based metabolite variability between biobanks, includ-

ing the large-scale UK Biobank and TwinsUK biobank of the general UK population, and more targeted

biobanks derived from multicentre clinical trials relating to inflammatory bowel disease. We then com-

pared the blood metabolome of 12 healthy adult volunteers when collected into either sodium fluoride/

potassium oxalate, lithium heparin, or serum blood tubes using different pre-processing parameters.

Results: Preanalytical variation in the method of blood collection strongly influences metabolite compo-

sition within and between biobanks. This variability can largely be attributed to glucose and lactate. In the

healthy control cohort, the fluoride oxalate collection tube prevented fluctuation in glucose and lactate

levels for 24 hours at either 4 °C or room temperature (20 °C). Conclusions: Blood collection into a

fluoride oxalate collection tube appears to preserve the blood metabolome with delayed processing up

to 24 hours at 4 °C. This method may be considered as an alternative when rapid processing is not

feasible.

Introduction

Metabolite profiling of serum and plasma is emerging as an
invaluable tool spanning multiple domains of medical
research.1 Nuclear magnetic resonance (NMR)-based metabo-
lomics techniques involve the simultaneous profiling of many
metabolites (small molecular intermediates) in a biofluid or
other medium.2 Inexpensive, high-throughput, and highly
reproducible, global metabolite quantification by NMR is now
being employed at the frontier of medicine, ranging from

population-wide health profiling3,4 to predicting diagnosis,5

progression,6 and response to treatment7 in a spectrum of
diseases.

Clinical biomarkers require validation in large cohorts
across multiple centres.8 NMR-based metabolomics requires
minimal sample preparation compared to other metabolomics
techniques (i.e. mass spectrometry methods).9 Nevertheless,
centrifugation speed and time,10 incubation temperature,11–13

storage time at −20 °C and −80 °C,13,14 the type of collection
tube,15,16 and the number of freeze–thaw cycles11,14,17,18 are
just some of the pre-analytical variables known to strongly
influence metabolite composition in blood. While many of
these variables may be able to be well-controlled within a
given study, the time between blood collection and erythrocyte
separation by centrifugation and the time to sample storage at
−80 °C present unique challenges due to the pragmatic
requirements of large-scale, multi-centre clinical trials from
which clinical biomarkers may be robustly identified.13,19,20

These two factors have been shown to drastically influence
the relative abundance of metabolites involved in
glycolysis.10–12,14,18,21–26 To date, it has not been investigated

†Electronic supplementary information (ESI) available. See DOI: https://doi.org/
10.1039/d3an01359f
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whether the type of blood collection tube used affects metab-
olite integrity due to a delay in centrifugation and/or sample
measurement. Moreover, conflicting evidence exists as to
whether other metabolites not directly involved in glycolysis,
such as lipoproteins, are affected by time to centrifugation.14,21

In this study we aimed to systematically evaluate and compare
the relative efficacy of sodium fluoride/potassium oxalate,
lithium heparin, and additive-free serum blood tubes in pre-
serving metabolite integrity for up to 24-hours before centrifu-
gation, and up to 48-hours before sample measurement after
NMR sample preparation. We expected that sodium fluoride/
potassium oxalate blood tubes, which inhibit glycolysis, pre-
serve the metabolic state at the time of blood collection more
effectively than the widely used lithium heparin or serum
blood vacutainers.

Ideally, standard operating procedures (SOPs) are, prospec-
tively, put in place in advance of longitudinal, multicentre
research projects to reduce pre-analytical variability in metab-
olite levels within and between biobanks. In practice, this
may be difficult to achieve depending on the scale and
resources of individual collection sites. Previous studies have
demonstrated conflicting efficacy of keeping blood tubes
refrigerated at 4 °C prior to centrifugation, aliquoting, and
freezing on the variability in metabolite levels.13,18,26

Moreover, a secure cold chain may not be feasible in all sites,
and the level of compliance to SOPs is unclear and is often
left unreported. Most importantly, all previous studies
addressing these pre-analytical variables treated all samples
identically when varying time to erythrocyte separation and
time at room temperature (RT). Therefore, it is largely unsur-
prising that, in at least one analytical dimension, inter-indi-
vidual differences are maintained. In practice, this identical
treatment of individual differences does not occur; samples
may be processed at any time between, for example, 0 and
upwards of 24 hours.

Guidelines on how to prepare samples and observations on
the effects of delayed erythrocyte separation are insufficient to
advance methods of reducing biomarker variability for NMR.
Similarly, z-scoring of metabolite concentrations to facilitate
comparisons across cohorts3,27 impedes the discovery of
healthy and disease-associated metabolite ranges that may be
clinically relevant. Practical solutions to stably preserve blood
metabolite levels are required, and clear reporting guidelines
are required to explain potential non-biological between-
sample variability. In this study, we first investigate global
NMR-based metabolite variability between biobanks, including
the large-scale UK Biobank and TwinsUK biobank of the
general UK population, and more targeted biobanks derived
from multicentre clinical trials relating to IBD. We then com-
pared the blood metabolome of 12 healthy adult volunteers
when collected into either sodium fluoride/potassium oxalate,
lithium heparin, or serum blood tubes using different pre-pro-
cessing parameters, with the aim of determining the optimal
tube type for preserving an individual’s blood metabolomic
fingerprint with significantly delayed sample processing of up
to 24 hours.

Methods
Cohorts

UK Biobank. The UK Biobank is a general population cohort
recruited from 22 assessment centres across England,
Scotland, and Wales between 2006 and 2010. It comprises
502 411 individuals of middle and old age (mean 56.5 years,
range 37–73 years). Written, informed consent was provided by
all participants. The UK Biobank has generic ethical approval
from the Northwest Multi-centre Research Ethics Committee
(ref. 11/NW/03820). The current study is registered under the
approved research ID 95409. At the time of this study, NMR
metabolomic data was available on ∼120 000 participants.
Individuals were typically non-fasting prior to blood sampling
(median fasting time 3 hours, standard deviation 2.4 hours).
Whole blood was collected into spray-coated K2EDTA tubes
and immediately centrifuged at 2500g for 10 minutes at 4 °C.
Plasma was not aliquoted. Rather, tubes were transported to a
central storage facility at 4 °C for aliquoting and archiving at
−80 °C (mean time from venepuncture to freezing 24 hours,
standard deviation 2.5 hours).28 Acquisition of NMR metab-
olite data was performed by Nightingale Health Ltd and is
described in detail elsewhere.4

TwinsUK. TwinsUK is a volunteer twins cohort in the United
Kingdom.29 Generic ethic approval was obtained from Guys &
St Thomas’ Trust ethics committee. At the time of this study,
NMR metabolomic data was available on ∼2000 female indi-
viduals across up to three timepoints (total samples 4830) col-
lected between 1996 and 2014. The mean age at blood
sampling was 59.4 years (range 34–88 years). Samples were col-
lected after a minimum fast of 6 hours into serum separator
blood tubes (BDVacutainer®SST™). The tubes were then
allowed to rest after 3× inversions for 40 minutes at 4 °C.
Samples were centrifuged for 10 minutes at 1439g. Serum was
collected immediately and stored at −45 °C.30 Acquisition of
NMR metabolite data was performed by Nightingale Health
Ltd and is described elsewhere.27

STORI. The STORI trial (2006–2009) investigated the risk of
relapse in Crohn’s disease after cessation of infliximab in
patients who had achieved prolonged remission on combi-
nation therapy: infliximab alongside antimetabolites.31 We
included in our study patients with a baseline serum aliquot
available for analysis (n = 97).

SPARE. The SPARE trial (2015–2021) sought to evaluate three
treatment approaches for Crohn’s disease patients in steroid-
free remission due to combined infliximab and immunosup-
pressant therapy: maintaining the combination, continuing
only the immunosuppressant, or continuing only infliximab.32

We include here a subgroup of patients from the SPARE trial
who had been randomised to infliximab withdrawal and had a
baseline serum aliquot available for analysis (n = 63).

In both STORI and SPARE, biomarkers associated with
relapse was a pre-defined secondary endpoint. The standard
operating procedure for serum collection and processing is
provided in the ESI.† Briefly, blood was collected into BD
Vacutainer SST II Advance Tubes (BD 367958), allowed to clot,
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and centrifuged at room temperature for 10 minutes at 3000g.
The target for clotting time at room temperature was between
0.5 and 2 h, and the target time-to-freezing of serum aliquots
was within 4 hours of the blood draw. Serum aliquots were
then stored at −80 °C. All patients provided informed consent
and ethical approval was obtained. All patients had been
treated with a combination therapy of infliximab (IFX) and
anti-metabolite >8 months and had been in sustained steroid-
free remission >6 months. Patients were not fasted prior to
blood collection.

Healthy volunteers and controlled variation of pre-analytical
parameters. 12 healthy volunteers were recruited from Oxford,
UK (mean age 30.3 years, range 23–53 years). Blood was col-
lected under informed written consent. Local ethical approval
was obtained from the University of Oxford Medical Sciences
Interdivisional Research Ethics Committee.

Blood was collected into BD Vacutainer blood tubes® under
the conditions described in Table 1. Vacutainer tubes were
centrifuged initially at 300g for 10 minutes at 4 °C. After the
supernatant (either serum or plasma) was carefully collected
into a new tube, the sample was again centrifuged at 5000g for
10 minutes at 4 °C and the supernatant collected into a new
tube and stored at −80 °C prior to sample preparation.

NMR spectroscopy

NMR spectroscopy and global metabolite quantification from
serum and plasma was performed in-house for the SPARE,
STORI, and healthy volunteer cohorts. On the day of NMR
spectroscopy, serum or plasma samples were thawed at room
temperature, mixed by pipetting, and combined with 75 mM
sodium phosphate buffer prepared in D2O (pH 7.4) as a 1 : 5
ratio of serum to buffer (total volume 600 µL) in a 5 mm boro-
silicate glass NMR tube (Norell 502-7).

1H NMR spectra were acquired at 298 K using a 700 MHz
Bruker AVIII spectrometer operating at 16.4 T equipped with a
1H [13C/15N] TCI cryoprobe (Department of Chemistry,
University of Oxford). 1D NOESY and CPMG experiments were
conducted on each sample, and CPMG spectra were used for

downstream analysis. Pooled plasma samples were spread
throughout the run of the SPARE and STORI samples to
monitor technical variation.

NMR Spectra were phased, baseline corrected (using a fifth-
degree polynomial), and referenced to the lactate-CH3 doublet
resonance at δ = 1.33 ppm in Topspin 4.1.4 (Bruker). Spectra
were exported to ACD/Labs Spectrus Processor Academic
Edition 12.01 (Advanced Chemistry Development, Inc.) for
data-preprocessing. The NMR spectra were segmented into 100
integral regions using a manual binning approach, with exclu-
sion of noise and water signals. The integration of metabolite
peaks was performed judiciously to minimize overlapping and
aligned with literature assignments. Resonances were assigned
to metabolites using a combination of literature values and 2D
spectra of human plasma and serum, leading to the confident
identification of 39 metabolites. Spectral regions with over-
lapped metabolites were annotated in the assignment using a
‘/’ and ‘[ ]’ notation. The absolute integral values were subject
to the main statistical analysis unless stated otherwise.
Additional statistical analyses using probabilistic quotient nor-
malisation (PQN)33 and sum normalisation were included in
the ESI.† In the healthy control cohort, lactate and glucose
levels were also calculated based on the absolute mmol con-
centration using a standard curve.

Statistical analysis

Statistical analysis was performed in R 4.1.2 and GraphPad
Prism 9. After pareto scaling of the absolute integral values,
multivariate principal component analysis (PCA) was per-
formed using the ropls package to visualise and compare indi-
vidual metabolite profiles in an unsupervised fashion.34

Post-hoc analysis of TwinsUK, STORI, and SPARE NMR data
was limited to univariate t-testing of glucose and lactate
metabolite levels, based on inspection of the corresponding
PCA loadings plots. UK Biobank NMR metabolite data were
further correlated against time of day of blood collection,
fasting time, and delay in sample measurement using
Pearson’s correlation coefficient. In the healthy control cohort,
individual metabolites (39 identified metabolites) were subject
to repeated measures two-way ANOVA with Šidák post hoc
test,35 and Benjamini–Hochberg method was used for p value
adjustment to control the false discovery rate across all metab-
olites. Adjusted two-tailed p values (q values) ≤ 0.05 were con-
sidered statistically significant. * p ≤ 0.05, ** p ≤ 0.01, *** p ≤
0.001.

Results
Lactate and glucose drive metabolite variation between and
within biobanks

NMR metabolite data was collated between the UK Biobank
and TwinsUK cohorts. As the TwinsUK cohort is predominately
female sex, a female cohort from the UK Biobank (n = 4830)
was randomly sampled for comparison. Principal component
analysis revealed greater variation in the metabolome within

Table 1 Summary of pre-analytical parameters in the healthy volunteer
cohort. n = 12 per condition

Tube

Time to
centrifugation
(hours)

Delay between sample
preparation and
measurement (hours)

Serum (Red, BD 367837) 0.5 RT 0 (RT), 12 (4 °C),
24 (4 °C), 48 (4 °C)

24 RT 0 (RT)
24 4 °C 0 (RT)

Lithium Heparin Plasma
(Green, BD 367885)

0.5 RT 0 (RT), 12 (4 °C),
24 (4 °C), 48 (4 °C)

24 RT 0 (RT)
24 4 °C 0 (RT)

Fluoride/Oxalate Plasma
(Grey, BD 368921)

0.5 RT 0 (RT), 12 (4 °C),
24 (4 °C), 48 (4 °C)

24 RT 0 (RT)
24 4 °C 0 (RT)
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the UK Biobank cohort compared to the TwinsUK cohort along
the first principal component, as well as systematic variation
between the two biobanks along the same component
(Fig. 1A). Inspection of the corresponding loadings plot
revealed the key role of lactate in driving this variation along
the first principal component, and glucose in driving within-
biobank variation along the second principal component
(Fig. 1B).

Lactate levels were increased in the UK Biobank cohort
(mean 3.7) relative to the TwinsUK cohort (mean 1.37; mean
difference 2.36 [Welch’s t-test 95%CI 2.33–2.40], Fig. 1C).
Glucose levels were decreased in the UK Biobank cohort
(mean 3.48) relative to the TwinsUK cohort (mean 3.76; mean
difference 0.29 [Welch’s t-test 95%CI 0.26–0.31], Fig. 1D).
Using available metadata pertaining to the UK Biobank, we
identified systematic, linear variation in plasma lactate

Fig. 1 Lactate and glucose levels drive variation in the blood metabolome within and between biobanks. PCA plot (A) and corresponding loadings
plot (B) of TwinsUK and sampled female UK Biobank participants with blood metabolomics data. Boxplots comparing lactate (C) and glucose (D)
levels in participants between the UK Biobank and TwinsUK study indicate systematically elevated lactate levels and decreased glucose levels in the
UK Biobank, both p < 0.0001. Pearson correlation between time of day of sample collection and lactate (E) or glucose (F) concentration in the UK
Biobank samples, both p < 0.0001. Samples collected earlier in the day likely had a delayed processing time as compared to samples collected later
in the day.
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(Pearson’s r = −0.26, n = 118 021, Fig. 1E) and glucose
(Pearson’s r = 0.16, n = 118 021, Fig. 1F) levels according to the
time of sample collection. This may correspond to a systematic
delay between sample collection and centrifugation according
to queued collected samples.

As a second example, and on a smaller scale, lactate and
glucose were also found to drive serum metabolome variation
between clinical biobank data pertaining to the SPARE and
STORI cohorts (Fig. 2). Here, data acquisition and relative
metabolite quantification were performed in-house. The PCA
scores plot (Fig. 2A) and corresponding loadings plot (Fig. 2B)
illustrate systematic variation in lactate and glucose levels
along the second principal component. Glucose levels were
decreased in the STORI cohort (mean 0.0058) relative to the
SPARE cohort (mean 0.011; mean difference 0.0055 [Welch’s
t-test 95%CI 0.0046–0.63]). Lactate levels were increased in the

STORI cohort (mean 0.13) relative to the SPARE cohort (mean
0.053; mean difference 0.073 [Welch’s t-test 95%CI
0.064–0.082]). These differences are visualised in the median
NMR spectrum of each cohort (Fig. 2E).

Effects of delayed sample measurement on absolute plasma
and serum metabolite concentrations

UK Biobank metabolomic metadata was used to determine the
effect of time between sample preparation and measurement
on plasma metabolite levels. Approximately 25% of samples
were run within 12 hours of sample preparation, 63% within
24 hours, and 97% within 48 hours (Fig. 3A). The top six
metabolites had a Pearson correlation coefficient >0.1 (p <
0.0001) and are shown in Fig. 3B–G. Plasma histidine concen-
tration showed a strong negative correlation with time to
sample preparation (Pearson’s r = −0.36, Fig. 3B). Glycine (r =

Fig. 2 Lactate and glucose levels contribute to blood metabolite variation between discovery and validation cohorts in clinical trials. PCA plot (A)
and corresponding loadings plot (B) of the SPARE and STORI participant baseline serum metabolomics data. Variation between cohorts is driven by
serum glucose (C) and lactate (D) resonances, both p < 0.0001. Median NMR spectrum of SPARE and STORI samples (E).
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−0.14), glutamine (r = −0.13), phenylalanine (r = −0.09), citrate
(r = −0.10) were also negative correlated with time to sample
preparation, while free cholesterol in intermediate density
lipoprotein (r = 0.10) was positive correlated (Fig. 3C–G,
respectively).

In the healthy control cohort (n = 12 per condition), we
found changes in the metabolome as a result of delayed
sample measurement (Fig. 4). Consistent with data from the
UK Biobank, the effect of delayed sample measurement was

small relative to interindividual variation (Fig. 4A, B, and S1†).
Most samples shifted in the second component in the PCA
scores plot, driving by decreased levels of glucose, high-density
lipoprotein (HDL) and glycerophosocholine (Fig. 4C and D).
The stability of the serum/plasma metabolome was main-
tained even after a 12-hour delay in NMR measurement,
as demonstrated by minimal changes in metabolite levels
(Fig. 4C). However, when LH Plasma samples were subjected
to a 24-hour delay in measurement, a significant decrease was

Fig. 3 Histidine is the metabolite predominately affected by delayed sample measurement in the UK Biobank. Line graph indicating the percentage
of plasma samples analysed by NMR once prepared for analysis, within a given timeframe (A). Pearson correlation between time to sample measure-
ment by NMR and histidine (B), glycine (C), glutamine (D), phenylalanine (E), citrate (F), and IDL_FC_pct (G), all p < 0.0001.
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observed in 31 out of 39 metabolites. Notably, it was observed
that LH Plasma samples started forming precipitates after
12 hours, and all samples exhibited precipitates after

24 hours. In contrast, serum and FX plasma demonstrated
better stability than LH Plasma after a 24-hour and even
48-hour delay in measurement as indicated by changes in per-

Fig. 4 Variation in the metabolome due to delayed sample measurement is small compared to interindividual variation in the healthy control
cohort. PCA scores plot (A) demonstrating the effect of delayed NMR measurement on LH plasma samples. Each line connects samples from the
same individual. Loadings plot (B) illustrating the metabolites that contribute to the variation observed in principal component 1 and 2. Heatmap (C)
displaying percentage changes in metabolite levels resulting from varied delays in NMR measurement across three types of plasma/serum. The
numbers in square brackets represent the corresponding spectral region boundaries in parts per million (ppm). Percentage changes calculated from
absolute integral values and compared to the optimum processing condition. Significant differences in means of metabolites were represented by *
(q < 0.05). Boxplots presenting the effect of delayed NMR measurement on levels of histidine (D), glutamine (E), and glutamate (F). “/” indicates the
mentioned metabolites are overlapped in the spectral region. Metabolite names in square brackets refers to non-dominant overlapping metabolites
also found in that spectral region.
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centages of most metabolites below 10% and significant
alterations observed in only a few metabolites (Table S1†). The
majority of metabolites showed a decreasing trend resulting
from the delay in measurement, except for glutamate, which
tended to increase over time, particularly in FX plasma
(Fig. 4C). Albumin, phosphocholine, glycerophosphocholine
and glucose levels significantly decrease after 24 hours in at
least two types of plasma/serum samples. Aligning with our
observations in the UK Biobank dataset, histidine and gluta-
mine levels tend to decrease over time, especially after
24 hours in LH Plasma (Fig. 4E and F, and Table S1†).

Metabolite differences by tube type using optimal processing
parameters in the healthy control cohort

We next investigated how abundances of metabolites differed
between BD Vacutainers under optimal processing conditions.
Absolute metabolite concentrations of LH plasma (green) and
serum (red) tubes were comparable (Fig. S2, and Table S2†). In
contrast, the total integral of the spectra (spectral intensity)
from FX plasma (grey) was reduced in both the NOESY and
CPMG experiments due to the decline in albumin and lipopro-
tein levels in FX plasma (Fig. S2†). When using a PQN or sum-
normalised approach to adjust for the total integral between
samples and make FX plasma comparable, few differences
remained between tube types (Table S2†). Branched chain
amino acids (BCAAs, including leucine, isoleucine, valine)
were increased in FX tubes relative to LH plasma and serum.
And 3-hydroxybutyrate levels increased in FX plasma compared
to LH plasma and serum, potentially influenced by variations
in the lipoprotein line shape (Fig. S2†).

Evaluation of a fluoride/oxalate additive to preserve inter-
individual metabolite variation using realistic timepoints

Lastly, we investigated whether the combination of sodium flu-
oride and potassium oxalate in a BD Vacutainer could mitigate
against preanalytical variation in the individual blood metabo-
lome. As expected, 24-hours at either RT or 4 °C resulted in an
increase in lactate and a decrease in glucose when stored in
either LH plasma or serum tubes (Fig. 5A–D, and Fig. S3†).
When LH plasma samples were centrifuged after a 24-hour
delay at 4 °C, the lactate levels increased 34% and the glucose
levels decreased 18% (Table S2†). The alterations were similar
for the serum samples, and further exacerbated when the
samples were left at RT prior to centrifugation. Conversely, FX
tubes effectively prevented anaerobic glycolysis for at least
24-hours at RT. Only 7% decrease was observed in glucose
levels when FX plasma samples were centrifuged after a
24-hour delay at 4 °C. It should be noted that as demonstrated
previously, glucose levels decreased 6% in FX plasma (q =
0.096, two-way ANOVA, sidak post hoc, FDR correction across
metabolites, Table S1†) after 24 hours delay in NMR measure-
ment at 4 °C. Therefore, the decrease of glucose in FX tubes
was likely due to general degradation not due to anaerobic
glycolysis.

Moreover, the combination of using FX tubes and refrigerat-
ing the blood tube during the pre-processing interval effec-

tively prevented metabolite variation between an optimal,
30-minute pre-centrifugation delay and the 24-hour delay
(Fig. 5A and E). Without refrigeration, glutamate and gluta-
mine levels changed dramatically after 24 hours at RT
(Table S2†).

Discussion

Blood is the main biofluid utilised in epidemiological studies
utilising metabolomics to predict disease onset, severity, and
treatment response. We hypothesised that fluoride oxalate
vacutainer blood collection tubes would thus be a more appro-
priate blood tube for metabolome studies. To test this hypoth-
esis, we systematically investigated the effect of preanalytical
variation in blood sample handling in lithium heparin, fluor-
ide oxalate, and serum blood tubes. To our knowledge, we
demonstrate for the first time that the use of FX plasma tubes
in combination with refrigeration at 4 °C negates metabolome
variation due to preanalytical factors. This is important, as
lactate and glucose are established biomarkers for the early
diagnosis of cancer,36,37 and may prove important to the diag-
nosis and prediction of other diseases when integrated into
multivariate blood metabolite algorithms.3 Our findings
suggest that fluoride oxalate tubes could be beneficial in meta-
bolomic studies where there is variability in blood processing
times, pending further validation with a broader range of
metabolites and larger sample sizes.

Our initial investigations revealed that much of the vari-
ation in metabolite levels within and between blood biobank
cohorts could be attributed to variations in glycolysis metab-
olites. This variation is attributed to residual anaerobic glycoly-
sis occurring when erythrocyte separation from serum or
plasma is delayed. Delayed sample processing due to a high
volume of samples being processed (UK Biobank) or collection
methods where the rapid processing of bloods was not priori-
tised (STORI) led to increased lactate and decreased glucose
resonances compared to cohorts where rapid blood processing
was prioritised (TwinsUK and SPARE cohorts). As normal
lactate levels are <2 mmol,38 the absolute concentrations
reported in the UK Biobank are not suitable for clinical
translation.

Sodium fluoride and potassium oxalate act in concert to
inhibit glycolysis in blood samples.39 Specifically, sodium flu-
oride inhibits the enzyme enolase, which catalyses the conver-
sion of 2-phosphoglycerate (2-PG) into phosphoenolpyruvate
(PEP), the penultimate step in glycolysis. Potassium oxalate
precipitates calcium ions to inhibit the clotting cascade.
Fluoride oxalate tubes, as expected, showed baseline differ-
ences in amino acid levels and glycolytic metabolites com-
pared to serum.15 Consistent with other studies, the metab-
olite profile of serum and lithium heparin plasma were com-
parable,15 and behaved similarly in response to delayed
erythrocyte separation.21

Previous studies have documented the effects of delayed
erythrocyte separation on metabolite levels as quantified by
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Fig. 5 Fluoride oxalate blood collection tubes prevent changes to the metabolome for at least 24 hours when stored at 4 °C. PCA scores plot (A)
demonstrating the influence of different pre-processing conditions on samples, specifically observed in PC2. Loadings plot (B) of the PCA highlight-
ing glucose and lactate as contributors to the variation observed in PC2. Boxplots showing increased lactate levels (C) and decreased glucose levels
(D) in delayed pre-processing conditions for LH plasma and serum, but not in FX plasma. Heatmap (E) presenting percentage changes in metabolite
levels resulting from varied pre-processing conditions across three types of plasma/serum. The numbers in square brackets represent the corres-
ponding spectral region boundaries in parts per million (ppm). Percentage changes calculated from absolute integral values and compared to the
optimum pre-processing condition. Significant differences in means of metabolites were represented by * (q < 0.05). “/” indicates the mentioned
metabolites are overlapped in the spectral region. Metabolite names in square brackets refers to non-dominant overlapping metabolites also found
in that spectral region.
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NMR-based metabolomics techniques.10,12–14,17,19,21–24,40

Consistent with our own study, lactate and glucose are typically
most affected. However, in contrast to other reports,18 we also
clearly show in both the UK Biobank and healthy volunteer
data that residual glycolytic metabolism does occur (in the
absence of an inhibitor of glycolysis) even when blood is
stored at 4 °C prior to centrifugation.

After separation of serum or plasma from erythrocytes,
metabolite variation is minimal. In the UK Biobank cohort,
only histidine showed a significant effect of delay in sample
measurement (r = −0.39) compared to interindividual biologi-
cal variation. Other metabolites, while significantly correlated
with measurement delay, showed smaller effect sizes between
0.01 and 0.21 which are less relevant relative to the observed
interindividual variation. In our healthy volunteer study, we
also investigated a delay in sample measurement over a
similar timeframe, for up to 48 hours at 4 °C. Again, we found
minimal variation in metabolite levels, consistent with the UK
Biobank data and early UK Biobank pilot studies that tested
delays of up to 24 hours at 4 °C.41 Such variation is suitable to
be corrected by previously described statistical techniques.42

We also provide suggestions for reporting preanalytical vari-
ation to aid in the synergy of future metabolomic studies. The
reporting guideline consists of key information relating to the
individual, the pre-processing variables, and the post-proces-
sing variables that may differ between samples in a single
study (Table 2). The guidelines do not include variables that
should be controlled for within a study and ideally between
studies, for example, long-term storage temperature of frozen
samples, and NMR spectra acquisition parameters. We have
shown that fasting time can strongly influence the concen-
tration of certain metabolites, primarily ketone bodies
(Fig. S4†). Recording the time of blood collection, centrifu-
gation, and storage temperatures allows studies to record SOP
compliance, for which data is sorely lacking in biomarker
research, and may also help identify mistreated samples. The
UK Biobank has implemented pipelines that allow for auto-
mated reporting of key information. For example, barcoded
blood tubes were used that, when scanned, allowed for auto-
mated logging of sample collection and processing.43

We recognise the limitations of this study. When compar-
ing the UK Biobank and TwinsUK metabolomics datasets, we

limited the comparison to non-lipid data (amino acids and
energy metabolites) due to non-overlapping metabolite data
and uncertainty in how these values were derived between the
two cohorts. While our study provided insights using NMR-
based metabolite profiling, which focused on metabolites
commonly assayed by this technique, we acknowledge that the
scope was limited with respect to the range of metabolites ana-
lysed. Future research could extend these findings by incorpor-
ating a broader spectrum of metabolomic analyses, including
mass spectrometry and advanced lipoprotein assays, as well as
labile metabolites detectable by NMR such as coenzymes and
antioxidants,44 to provide a more comprehensive understand-
ing of preanalytical variability across different platforms.

In the healthy control cohort, blood storage in fluoride
oxalate tubes resulted in a slight negative bias in glucose levels
under optimal processing conditions, which is consistent with
previous reports.45 This bias did not show variation over time.
As we suggest that the fluoride oxalate tube type should be
implemented between and across studies, this small, systema-
tic difference will not affect metabolome variability. However,
the presence of this negative bias may affect the reported
prevalence of fasting hyperglycaemia, which may be relevant
for the screening of diabetes mellitus in the general popu-
lation. Studies have also shown that both sodium fluoride46

and potassium oxalate47 have the potential to cause haemoly-
sis after prolonged standing time at room temperature. We
considered other, more effective methods of inhibiting glycoly-
sis, such as citrate-buffered tubes,46 which are also less prone
to haemolysing samples over time. However, these additives
are known to interfere with the NMR spectrum and the con-
centrations of neighbouring metabolites.15 In our study, hae-
molysis was detected only in fluoride oxalate tubes left at room
temperature, and not at 4 °C. Nevertheless, we encourage the
discovery of novel additives that inhibit major metabolic path-
ways in blood under anaerobic conditions and in the absence
of haemolysis.

Conclusions

Pre-analytical variation in blood sample collection cause vari-
ation within and between biobank biomarker studies. We
trialled three blood collection tubes with the aim of solving
technical challenges due to preanalytical variation in blood
metabolite levels that are common in cohort studies. We
found that a combination of refrigeration at 4 °C and the use
of a fluoride/oxalate additive prevented changes in metabolite
levels, as compared to optimal processing parameters, for at
least 24 hours prior to erythrocyte separation. We also showed
that the effect of delayed sample measurement on the stability
of quantified metabolites was small, but dependent on the
type of blood collection tube used at the pre-processing stage.
Using this information, we devised a short list of key reporting
guidelines that could be implemented in future cohort studies
to improve the reproducibility of blood metabolite signatures
as biomarkers of health and disease.

Table 2 Key reporting parameters for blood metabolomic profiling by
NMR in cohort studies

Variable Reported by

Time since last meal (hours) Participant
Time of blood collection Phlebotomist
Storage temperature pre-centrifugation
Time centrifuged Blood processing

technicianTemperature during centrifugation
Time frozen
Time of NMR sample preparation NMR technician
Storage temperature pre-data acquisition
Time of data acquisition
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Abstract: Background/Objectives: Metabolic profiling of tissue samples via liquid-state nuclear
magnetic resonance (NMR) requires the extraction of polar metabolites in a suitable deuterated
solvent. Such methods often prioritise metabolite recovery over protein removal due to the relatively
low sensitivity of NMR metabolomics and the routine use of methods able to supress residual protein
signals. However, residual protein may impact metabolite integrity and the metabolite stability after
NMR sample preparation is often overlooked. This study aimed to investigate the effect of residual
protein contamination in rodent brain extracts and identify a reproducible extraction method that
optimises metabolite recovery while ensuring sample stability. Methods: The performance of acetoni-
trile/water (50–100% MeCN), methanol/water (50–100% MeOH), and methanol/water/chloroform
(MeOH/H2O/CHCl3) were assessed for extraction efficiency, reproducibility, residual protein contam-
ination, and metabolite stability up to eight hours post NMR sample preparation. Results: Aspartate
and glutamate deuteration were observed in 50% MeCN, 50% MeOH, and 67% MeOH extractions
along with the conversion of N-acetyl aspartate to aspartate and acetate in 50% MeCN and 50%
MeOH extractions. Both observations correlated with residual protein contamination and, thus, are a
result of inadequate protein precipitation, as confirmed by ultrafiltration. MeOH/H2O/CHCl3 ex-
traction preserved the stability of these metabolites while maintaining good extraction efficiency and
reproducibility. Conclusions: Thus, we recommend MeOH/H2O/CHCl3 extraction for untargeted
brain NMR metabolic profiling due to its effective protein precipitation and reliable performance.
Nonetheless, the performance of detecting metabolites prone to oxidation such as ascorbate and
glutathione is not improved by this method.

Keywords: metabolomics; extraction; brain; NMR; metabolites

1. Introduction

Metabolic profiling aims to measure the full complement of low-molecular-weight
metabolites within biological samples, offering a biochemical snapshot that mirrors the
current physiological condition of an organism [1]. The field of metabolomics, particularly
in examining brain tissues, has evolved, allowing researchers to interrogate the biochemical
shifts associated with varying physiological states and to understand better the downstream
molecular mechanisms that contribute to the outcome of individual disease pathologies [2].

Nuclear magnetic resonance (NMR) and mass spectrometry (MS) are the primary
analytical techniques in metabolomics research. Although NMR has limitations in sensitiv-
ity, detecting metabolites above micromolar levels, its advantages are significant. These
include high reproducibility, intrinsic quantification capabilities, and a non-destructive
analytical process, meaning the sample remains intact after data acquisition. Additionally,
pulse programmes can be used to suppress chemical shifts arising from macromolecules,
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which greatly simplifies sample preparation [3]. Notably, NMR accounts for about 20%
of all brain metabolomics research, as indicated by PubMed data showing 383 references
for “metabolomics AND brain AND nuclear magnetic resonance NOT MRI NOT HRMAS”
compared to 1600 for “metabolomics AND brain AND mass spectrometry NOT MSI” over
the last two decades.

Metabolic profiling via liquid-state NMR requires the extraction of biological tissue
samples, the concentration of metabolites to levels compatible with NMR detection, and
the simultaneous removal of macromolecules in a manner that preserves metabolite sta-
bility. The selection of the extraction method, including the choice of extraction solvent,
depends on factors such as the type of biological sample studied and the molecules of
interest. Methanol/water and acetonitrile/water are commonly favoured for their efficient
extraction of polar metabolites, precipitation of proteins, analytical compatibility, and ease
of handling [4]. Additionally, methanol/water/chloroform is commonly used for simul-
taneous biphasic extraction of polar and non-polar metabolites and for improved protein
precipitation, despite being more time-consuming [5].

The choice of extraction solvent can significantly impact reproducibility, metabolite
recovery, and protein removal. For instance, methanol has emerged as the preferred
extractant for plasma samples due to its superior performance in these areas compared
to acetonitrile [6–10]. Similarly, different extraction methods have been evaluated in
liver tissues, where acetonitrile/water demonstrated the highest metabolite yield but
also recovered some macromolecules and lipids, whereas methanol/water/chloroform
provides excellent deproteinisation while maintaining high yield and reproducibility [5].
In NMR analysis of brain extracts, acetonitrile/water also showed better yield compared to
methanol/water and methanol/dichloromethane/water, while methanol/water showed
lower reproducibility [11].

Due to the reduced sensitivity of NMR relative to MS along with the routine use
of pulse programs, such as the Carr–Purcell–Meiboom–Gill sequence, which filter out
macromolecule signals, extraction methods which prioritise metabolite recovery over
deproteinisation are often favoured in NMR metabolomics studies. However, residual
proteins in samples may still alter metabolic profiles either through enzymatic activity or
binding to free metabolites. Indeed, it has been shown that brain homogenates, contain-
ing residual protein, undergo significant metabolic changes with prolonged incubation,
whereas minimal changes occur in the aqueous phase of brain extracts subjected to the
methanol/chloroform/water method after incubation [12]. Furthermore, Paskevich et al.
discovered that after NMR sample preparation, the alpha-hydrogen (αH) of aspartate was
replaced by deuterium from the NMR buffer, whereas deproteinated samples extracted
with a methanol/water/chloroform mixture could prevent this replacement [13].

This observation gives rise to the hypothesis that residual proteins in brain NMR
samples can continue to alter the metabolome. While residual enzymatic activity is a
well-documented issue in metabolomics, particularly for biofluids such as serum, plasma,
and urine, where it has been extensively studied [14–17], these biofluids can often be
analysed directly by NMR after being mixed with an appropriate buffer, without the need
for an extraction step. In contrast, brain tissue samples require a more complex preparation
process, including an extraction step, to obtain a liquid-state NMR spectrum. Prior to NMR
analysis, mixing the lyophilised brain tissue extracts with the NMR buffer (e.g., deuterated
phosphate buffer, pH 7.4) can potentially reactivate residual enzymes, leading to metabolite
conversions. Despite the critical role of extraction in preparing brain tissues for NMR analy-
sis, no research has systematically investigated the relationship between metabolite stability
and residual protein levels across different extraction methods in rodent brain extracts. The
study at hand aims to bridge this gap in knowledge by evaluating whether such alterations
exist with commonly used extraction methods, understanding their impact, and identifying
ways to control them. By minimising the effects of preanalytical variability, we can ensure
that the measured metabolites accurately reflect the in vivo state, leading to improved
interpretation. Specifically, we will assess the extraction performance of various solvents on
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mouse brain tissues, focusing on extraction efficiency, reproducibility, metabolite stability
up to eight hours post NMR sample preparation, and residual protein concentrations
(Figure 1). We hypothesise that adequate protein precipitation will preserve metabolite
integrity during delays between sample preparation and analytical measurement, thereby
providing more reliable NMR-based metabolic profiles.
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Figure 1. Workflow of sample preparation and NMR acquisition for metabolic profiling of brain
tissues using various extraction methods. (A) Steps for brain metabolite extraction. (B) Flow of 1H
NMR data acquisition and data analysis. The criteria for good extraction efficiency and reproducibility
are defined as having a relative extraction efficiency greater than 0.7 and a median relative standard
deviation (RSD) of less than 20%. UF, ultrafiltration. N, no. Y, yes.
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For our evaluation, we included 11 extraction methods: acetonitrile (MeCN, 50%, 67%,
80%, 100%, v/v), methanol (MeOH, 50%, 67%, 80%, 100%, v/v), methanol/water/chloroform
(MeOH/H2O/CHCl3, 2:1:2, v/v), 50% MeCN with ultrafiltration, and 50% MeOH with ultra-
filtration. Acetonitrile and methanol were selected as the primary extraction solvents due to
their ability to precipitate proteins, extract wide ranges of metabolites, and their widespread
application in metabolomics [18]. Acetonitrile is relatively less polar than methanol, making
it less soluble for proteins [19], while methanol is relatively more polar, thereby increasing
solubility for polar metabolites [8]. The ratio of organic solvent to water is important for
efficient protein removal [19]. We included varying concentrations of methanol and acetoni-
trile to identify a balanced ratio optimising both metabolite recovery and sufficient protein
precipitation. In this study, 50% MeOH and 50% MeCN were used as negative controls due
to their observed instability of the key metabolites. These methods provided a baseline for
comparison, allowing us to evaluate the performance of more optimised extraction protocols
in maintaining metabolite stability. The methanol/water/chloroform method, widely used
in brain extraction since its description by Folch [20], was also included. Improved protein
precipitation was expected as the decreased polarity of chloroform and the formation of two
distinct phases of methanol/chloroform caused proteins to precipitate at the interface. It has
been suggested that the addition of chloroform may be required for sufficient lipid removal
from lipid-rich tissues such as the brain [5]. Finally, we included the use of ultrafiltration
with a molecular weight cut-off (MWCO) filter as a positive control for protein removal.

2. Materials and Methods
2.1. Brain Tissues

Brain tissues were collected from C57BL/6/J mice, after the animals were terminally
anesthetised with isoflurane and transcardially perfused with heparinised saline (5000 USP/L).
Samples were stored at −80 ◦C until they were used for experimental purposes.

Snap-frozen brain tissues were pooled and homogenised using a pestle and mortar
on dry ice, a widely recognised method in metabolomics for ensuring consistency across
biological replicates [5,11,12,21,22]. A brain mass of 30 mg (resulting in 42 replicates with
a mean of 30.6 ± 0.7 mg) was selected for further extraction based on a balance between
metabolite detection sensitivity and tissue conservation [21].

2.2. Brain Metabolite Extraction

Detailed procedures of the 11 extraction protocols used were as follows. The protocols
were adapted based on our previous experience and the existing literature [5,11,12,21,22].

2.2.1. MeCN/H2O Extraction Protocol

For each sample, we added an ice-cold acetonitrile–water mixture, at a ratio of 8-to-1
(in microliters per milligram of sample), with concentrations ranging from 50% to 100%
(v/v). This mixture was vortexed vigorously for 30 s to ensure thorough mixing. It was
then incubated on ice for 15 min, followed by centrifugation at 16,000× g for 15 min at
4 ◦C. We collected 200 microliters of the clear supernatant from each sample and diluted it
with H2O to adjust the final acetonitrile concentration to 40%, enabling it to be freeze-dried
effectively. Subsequently, these diluted extracts were freeze-dried and stored at −80 ◦C
until use in NMR spectroscopy.

2.2.2. MeOH/H2O Extraction Protocol

For each sample, an ice-cold methanol–water mixture with varying concentrations
(50%, 67%, 80%, and 100% v/v) was added at a ratio of 8 microliters per milligram of
sample. Following the addition, the samples were vigorously mixed using a vortex mixer
for 30 s, incubated on ice for 15 min, and then centrifuged at 16,000× g for 15 min at
4 ◦C. From each sample, 200 microliters of the supernatant were collected. The collected
supernatants were further diluted with H2O to achieve a final methanol concentration
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of 20%. The resulting extracts were then freeze-dried and stored at −80 ◦C until use in
NMR spectroscopy.

2.2.3. MeOH/H2O/CHCl3 Extraction Protocol

For each sample, a volume of ice-cold 100% methanol (MeOH) was added at a ratio of
5.3 microliters per milligram of sample. The mixture was then subjected to 30 s of vigorous
vortexing. Subsequently, a volume of ice-cold H2O equivalent to 2.7 times the sample mass
(µL/mg) and a volume of ice-cold chloroform (CHCl3) equivalent to 5.3 times the sample
mass (µL/mg) were added to each sample. The samples were mixed with a vortex for
30 s, then incubated on ice for 15 min. Following the incubation, the samples were cen-
trifuged at 16,000× g for 15 min at 4 ◦C to facilitate phase separation. After centrifugation,
200 microliters of the aqueous phase (methanol/water phase) was collected from each
sample. This collected phase was then diluted with H2O to adjust the final methanol
concentration to 20%. The diluted extracts were freeze-dried and stored at −80 ◦C until
use in NMR spectroscopy.

2.2.4. MeCN/H2O and MeOH/H2O Extraction with Ultrafiltration Protocol

A total of 200 µL of MeCN/H2O or MeOH/H2O extract was filtered with 10 kD
MWCO filters (Amicon® Ultra 0.5mL centrifugal filters UFC501024, Merck KGaA, Darm-
stadt, Germany; 16,000× g, 15 min, 4 ◦C). Prior to the use, the filters were washed with
500 µL H2O (16,000× g, 30 min, 4 ◦C) to remove glycerol. Despite the wash, glycerol
contamination persisted in ultrafiltration samples. Elusion (about 170 µL) was collected
and subsequently diluted with H2O to create extracts with a final MeCN concentration of
40% or a final MeOH concentration of 20%, lyophilised, and stored at −80 ◦C until use in
NMR spectroscopy.

2.3. H NMR Analysis

Lyophilised extracts were resuspended with 550 µL 75 mM phosphate buffer D2O
(pH 7.4) containing 32.2 µM sodium salt of 3-(trimethylsilyl) propionic acid-2,2,3,3-d4 (TSP)
and transferred to a 5 mm borosilicate NMR tube (NORELL®, Inc., Morganton, NC, USA).
Deuterated solvents (D2O) were used exclusively for preparing the NMR buffer to ensure
accurate spectral acquisition and minimise water signal interference. For the extraction pro-
tocols, regular non-deuterated water (H2O) was used, as specified in the main text. NMR
spectroscopy was performed using a 700-MHz Bruker AVIII spectrometer (Department of
Chemistry, University of Oxford) operating at 16.4 T equipped with a 1H [13C/15N] TCI
cryoprobe at 298 K. 1H NMR spectra were acquired by using the noesygppr1d pulse
sequence (Bruker Corporation, Billerica, MA, USA, a one-dimensional nuclear Over-
hauser effect spectroscopy [NOESY] presaturation scheme) with the following parameters:
td = 32,768, d1 = 2 s, p1 = 16.03 µs, ns = 64, aq = 1.46 s, sw = 16 ppm. The total acquisition
time for the proposed NOESY spectra was approximately 12 min, consisting of 4 min for
data collection and an additional 8 min allocated for sample loading, temperature equili-
bration, locking, shimming, and tuning. Repeated NMR measurements were conducted
for samples that met both the extraction efficiency and reproducibility criteria (defined as
extraction efficiency < 0.7 and/or median RSD > 20%), acquiring data at hourly intervals
up to an 8-h delay while stored on the carousel at room temperature (Figure 1B).

2.4. Measurement of Protein Concentrations

The protein concentration of each NMR sample was determined using absorbance
measurements at 205 nm with the NanoDrop™ One instrument (Thermo Fisher Scientific,
Waltham, MA, USA).

2.5. NMR Data Pre-Processing

Resulting free induction decays (FIDs) were zero-filled by a factor of 2 and multiplied
by an exponential function corresponding to 0.30 Hz line broadening prior to Fourier trans-
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formation. All spectra were phased, baseline corrected (using a 3rd degree polynomial),
and chemical shifts referenced to the lactate resonance at δ 1.33 ppm in Topspin 4.1 (Bruker
Corporation, Billerica, MA, USA) and exported to ACD/Labs Spectrus Processor Academic
Edition 12.01 (Advanced Chemistry Development, Inc., Toronto, ON, Canada).

A semi-targeted analysis approach was employed by manually dividing each NMR
spectrum into 86 spectral buckets for integration, excluding noise and water signals, to
minimise contributions from varying protein levels across different methods. For samples
prepared using MWCO filters, contaminant signals arising from glycerol were also removed.
NMR buckets and corresponding assignments are listed in Table S1 (Figure S1, Table S1).
Metabolite assignment was performed in reference to the literature values [11–13,23] via
metabolite spiking and 2D total correlation spectroscopy (TOCSY) experiments. The
absolute integral values were subject to the main statistical analysis unless stated other-
wise. Integral values were mean centred and scaled to unit variance prior to principal
component analysis.

2.6. Data Analysis

Analysis was performed in the R software 4.1.2 (R foundation for statistical com-
puting, Vienna, Austria). The ggplot2 (version 3.4.2), pheatmap (version 1.0.12), ropls
(version 1.26.4), and metabom8 (version 1.0.0) packages were used for the generation of the
plots [24–27]. The relative extraction efficiency was determined by calculating the mean
total intensity of NMR integrals, normalised to that of the 50% MeCN group. The extraction
reproducibility was assessed using the median of the relative standard deviation (RSD)
of the replicates for each metabolite resonance. The stability of each spectral bucket was
determined by calculating the average percentage change over time up to 8 h for each
bucket across three replicates. The one-way analysis of variance (ANOVA) was used to
identify significant differences between the means of groups. Two-tailed p-values ≤ 0.05
were considered statistically significant.

3. Results and Discussion
3.1. Relative Extraction Efficiency

Among the 11 methods examined, 50% MeCN, MeOH/H2O/CHCl3, 50% MeOH,
and 67% MeOH showed comparably high extraction efficiency (defined as the total sum
of integrals of the 86 spectral buckets measured, normalised to that of the 50% MeCN
group), with mean values of 1 ± 0.01, 0.96 ± 0.05, 0.88 ± 0.01, and 0.88 ± 0.03, respectively
(p-value > 0.05, one-way ANOVA) (Figure 2A). The remaining nine methods demonstrated
lower extraction efficiencies to varying degrees compared to 50% MeCN (p-values < 0.05,
one-way ANOVA).

The increase in MeCN and MeOH concentrations led to a decrease in extraction effi-
ciency, with MeCN showing a more pronounced decline. This trend was expected since
hydrophilic metabolites had limited solubility in organic solvents such as MeCN, and to
a lesser extent, MeOH, and in addition, it is supported by a previous serum extraction
study [8]. Furthermore, ultrafiltration with MWCO filters resulted in a 27% reduction in
extraction efficiency compared to unfiltered 50% MeCN and a 41% reduction compared to
unfiltered 50% MeOH (p-values < 0.001, one-way ANOVA). In addition, residual glycerol
arising from the MWCO filters results in large contaminant signals which obscure metabo-
lite resonances, such as the ones for glycine and glutamine and myo-inositol. Representative
NMR spectra for each extraction method are shown in Figure S2.
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Figure 2. Efficiency and reproducibility of the extraction methods tested. (A) Relative extraction
efficiency, expressed as the mean ± SEM, calculated as the sum of integrals normalised to that of
the 50% MeCN group. (B) Protein levels of the NMR samples derived from different brain extracts,
expressed as the mean ± SEM. (C) Extraction reproducibility, presented in boxplots, as determined
by the relative spectral standard deviation across each of the 86 spectral buckets. (D) PCA scores plot
of the brain metabolic profiles from different extraction methods at 0 h delay in NMR measurement.
A smaller spread of the polygon indicates better reproducibility. Results of one-way ANOVA with
Dunnett’s test for multiple comparisons are reported in reference to the 50% MeCN group. UF,
ultrafiltration. * p < 0.05, ** p < 0.01, *** p < 0.001.
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3.2. Protein Levels

No significant difference was observed in the protein levels of samples extracted with
50% MeCN and 50% MeOH (p-value > 0.05, one-way ANOVA, n = 3 per group). Increasing
concentrations of solvent resulted in lower protein concentrations (p-values < 0.001 and
<0.01 for MeCN and MeOH, respectively, one-way ANOVA), with the exception of samples
extracted with 100% MeOH which showed higher protein levels (p-value < 0.001, one-way
ANOVA). Using MeOH/H2O/CHCl3 and ultrafiltration also resulted in lower sample
protein concentrations compared to 50% MeCN or 50% MeOH (p-value < 0.01, one-way
ANOVA), with ultrafiltration yielding the lowest protein concentrations among these three
methods (Figure 2B).

3.3. Extraction Reproducibility

The 67% MeCN, 80% MeCN and 100% MeCN extraction methods demonstrated
significantly poorer reproducibility compared to the other extraction methods, as deter-
mined by RSD across all 86 spectral buckets measured (p-values < 0.001, one-way ANOVA)
(Figure 2C). No significant differences were observed between the remaining extraction
methods, with median RSDs ranging from 3.54% (interquartile range [IQR] 5.55%) to
10.56% (IQR 2.81%). PCA illustrates the clustering and dispersion patterns of each ex-
traction method, revealing the similarities among and within each method (Figure 2D).
Most methods resulted in distinct clusters in the PCA scores plot, highlighting global
metabolite differences across these methods. Methods with lower extraction efficiency
tended to cluster towards the left side of the scores plot, indicating lower metabolite yield.
For instance, as the concentration of MeCN increased, samples tended to cluster further to
the left. Conversely, methods with better protein removal, as identified by lower sample
protein concentrations, tended to cluster towards the top of the plot.

Five extraction methods, specifically 67% MeCN, 80% MeCN, 100% MeCN, 100%
MeOH, and 50% MeOH with ultrafiltration, demonstrated poor extraction efficiency or
reproducibility (as defined by extraction efficiencies < 0.7 and/or median RSD > 20%). As a
result, these methods were excluded from further metabolite stability testing.

3.4. Metabolite Stability

Metabolite stability was assessed at hourly intervals up to 8 h following sample
preparation for the six extraction methods selected in the previous section. Among the
six extraction methods that demonstrated adequate efficiency and reproducibility, only
two low-concentration metabolites, CoA and adenosine, were undetectable in the 80%
MeOH, MeOH/H2O/CHCl3, and 50% MeCN + UF methods (Figure S3). The trajectory
of each extract over time was visualised using a PCA scores plot (Figure 3A). The 50%
MeCN, 50% MeOH, and 67% MeOH samples displayed significant drift along the second
principal component (PC2). Inspection of the loadings revealed that multiple aspartate
signals (2.65–2.84 ppm) and glutamate signals (3.75–3.77 ppm) drove the variability of PC2
(Figure S4). The changes that occur over time are reproducible in each sample, indicating
the alteration in metabolic profile is time-dependent; for example, the 8 h samples were
equivalent to each other in each extraction method. Table 1 summarises the stability of
the whole spectrum over time for each method. The 50% MeCN, 50% MeOH, and 67%
MeOH extraction methods resulted in a larger number of metabolite resonances with
an RSD greater than 30% after eight hours. A heatmap illustrates the changes in each
metabolite resonance over time for the extraction methods (Figure S3), with the most
variable metabolites (aspartate, glutamate, N-acetyl aspartate [NAA], acetate, glutathione,
and ascorbate) summarised in Figure 3B.
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N-acetyl aspartate. GSH and GSSG, reduced form and oxidised form of glutathione, respectively.

Table 1. Reproducibility of metabolite resonances over an 8 h delay for NMR analysis for each
extraction method.

RSD (%)

Number of Variables (%)

50%
MeCN

50%
MeOH

67%
MeOH

80%
MeOH

MeOH/
H2O/CHCl3

(2:1:2)

50%
MeCN + UF

0–15 70 (82) 68 (81) 60 (71) 73 (90) 76 (94) 77 (95)
15–30 9 (11) 6 (7) 11 (13) 8 (10) 5 (6) 4 (5)
>30 6 (7) 10 (12) 13 (15) 0 (0) 0 (0) 0 (0)

RSD, relative standard deviation. RSD was calculated over nine timepoints (0–8 h delay) across three replicates
for each variable. UF, ultrafiltration.
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3.4.1. Aspartate and Glutamate

The instability of aspartate signals was observed in samples extracted with 50% MeCN,
50% MeOH, and 67% MeOH, indicated by a decrease in the doublet of doublet (dd) signals
and the generation of nearby doublets signals at 2.82 and 2.68 ppm (p-values < 0.05, one-
way ANOVA) (Figures 4 and S3, Table S1). This change was most rapid within the initial
hour after NMR sample preparation, with the original aspartate signals disappearing after
two hours in samples extracted with 50% MeCN and after four hours in samples extracted
with 50% and 67% MeOH (Figure S5).
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Similarly, the glutamate multiplets, observed at 2.12 ppm and 2.35 ppm, exhibited a
reduction in splitting in samples extracted with solvent mixtures of 50% MeCN, 50% MeOH,
and 67% MeOH (p-values < 0.05, one-way ANOVA) (Figure S3). The overall integrals of
these multiplets remained unchanged. Additionally, a considerable reduction was observed
in the glutamate dd at 3.76 ppm in samples extracted using these methods (Figure 4). The
glutamate dd was completely diminished after four hours in samples extracted with 50%
MeCN (Figure S5).

The observed instability in the resonances of aspartate is attributed to the deuteration
of aspartate, a phenomenon previously documented by Paskevich et al. [13]. This involves
the replacement of the proton at the α-carbon (αH) of aspartate with deuterium, converting
aspartate into aspartate-2-d1. Consequently, it induces a change in the multiplicities
of the βCH2-group in aspartate, transforming the dd from the ABX spin system to AB
doublets [13].

Here, similar to aspartate, we observed deuteration of glutamate. Substitution of
the glutamate αH with deuterium would result in the disappearance of the resonance at
3.76 ppm and induce changes in the multiplicities of the βCH2-group without altering the
overall integrals.

The deuteration of aspartate and glutamate may be derived from aspartate transam-
inase (AST)-mediated metabolism. AST catalyses the interconversion of aspartate and
α-ketoglutarate to oxaloacetate and glutamate, during which the H2 hydrogens of aspar-
tate and glutamate undergo exchange with those of water (D2O in the NMR buffer) [28],
leading to changes in the observed splitting patterns of NMR resonances. This suggests
that AST may have remained active and did not fully precipitate during the extraction
process, as supported by the high levels of remaining protein with these methods. While
the proposed residual AST activity requires confirmation by independent experiments, our
results confirmed that the deuteration is due to residual proteins, as ultrafiltration prevents
the detection of any degree of deuteration.

3.4.2. N-Acetyl Aspartate and Acetate

A reduction of N-acetyl aspartate (NAA) was observed in samples extracted with 50%
MeCN, and to a lesser extent in those extracted with 50% MeOH (Figures 4 and S3, Table S1,
p-values < 0.05, one-way ANOVA). Concurrently, acetate levels increased (r = −0.94, p-
value < 0.001, Pearson correlation, Figure S6) and aspartate-2-d1 levels continued to rise
even after the original aspartate signals had vanished (r = −0.82, p-value < 0.001, Pearson
correlation, Figure S6). These observations suggest a conversion of NAA into aspartate
and acetate. This conversion is further evidenced by the negative correlation between
aspartate and aspartate-2-d1 at 0–3 h (r = −0.94, p-value < 0.001, Pearson correlation) and
their positive correlation at 4–8 h (r = 0.76, p-value < 0.01, Pearson correlation). Additionally,
combining the aspartate resonance and the aspartate-2-d1 resonance showed a continuous
increase over time in the samples extracted with 50% MeCN and 50% MeOH, while this
remains unchanged in the 67% MeOH samples. This suggests the deuteration of aspartate
and glutamate, and conversion of NAA to acetate and aspartate, represent distinct reactions.

In the brain, aspartoacylase (ASPA) catalyses the hydrolysis of NAA to produce acetate
and aspartate [29]. Although we did not perform independent experiments to directly
confirm the presence of ASPA in the extracts, the observed conversion patterns align with
known ASPA activity. Therefore, it is likely that some residual ASPA retained bioactivity in
the NMR samples of the brain extracts from 50% MeCN and, to a lesser extent, 50% MeOH,
as supported by higher residual protein levels in these samples. The conversion of NAA to
acetate and aspartate was reduced and eventually absent as MeOH concentration increased.
Despite the presence of residual ASPA remaining speculative, the observed conversion of
NAA to aspartate and acetate is protein dependent. The addition of CHCl3 and the use of
ultrafiltration further enhanced protein precipitation with these methods and prevented
such interconversion.



Metabolites 2024, 14, 609 12 of 17

3.4.3. Glutathione

Oxidation of glutathione (GSH) was observed in all samples (p-values < 0.05, one-
way ANOVA) with the exception of samples extracted with 67% MeOH (p-value > 0.05,
one-way ANOVA). A significant negative correlation was observed between GSH and
glutathione disulphide (GSSG) over time (r = −0.83, p-value < 0.001, Pearson correlation)
(Figure 4, Figures S3 and S5). This was most evident in samples extracted with 80% MeOH,
where a 22% ± 1% reduction in GSH and a 12% ± 6% increase in GSSG was observed
after eight hours. GSH oxidation was unrelated to the residual protein content within
samples (as these changes still occurred in samples subjected to ultrafiltration) suggesting
that spontaneous oxidation outweighs any contribution from glutathione reductase. This
aligns with the unstable nature of glutathione and previous findings in NMR-based blood
metabolomics, indicating that degassed solvents or derivatising agents are required for
accurate GSH measurement [30].

3.4.4. Ascorbate

For all extraction methods, ascorbate concentrations showed a gradual decrease over
the eight-hour period, resulting in a cumulative reduction of 10–15% across all the methods
after eight hours (p-values < 0.05, one-way ANOVA) (Figures 4 and S5). The instability
observed in ascorbate did not appear to be related to protein levels, as it still occurred in
samples subjected to ultrafiltration. Additionally, a gradual reduction of ascorbic acid was
observed in its standard solution in the NMR buffer (Figure S7). The spontaneous oxidation
of ascorbate aligns with its well-known antioxidant properties and has been reported in
previous studies [31].

3.4.5. Macromolecules

In line with the suboptimal deproteinisation of 50% MeCN-extracted samples, broad
macromolecule resonances were observed within the spectral regions of 0.8–1.0 ppm,
1.2–1.5 ppm, and 1.6–1.8 ppm. In contrast, the other five extraction methods, including 50%
MeCN extraction with ultrafiltration, displayed a flat baseline in these regions (Figure S8),
which is in agreement with previous reports [5,10].

Interestingly, while no broad macromolecule signals were detectable in samples ex-
tracted with 80% MeOH at 0 h, consistent with improved deproteinisation, two out of three
replicates showed the appearance of increasingly broad signals over time at 0.85–0.90 ppm
and 1.25–1.35 ppm (Figure S9). This led to increased leucine signals at 0.95–0.98 ppm over
time (p-value < 0.001, one-way ANOVA), resulting in a cumulative increase of 13% after
eight hours. Moreover, the lactate doublets at 1.33 ppm also had an increase of 9% after
eight hours due to the increasing broad signals underneath it (p-value < 0.05, one-way
ANOVA). These signals may arise due to the aggregation of residual protein in the sample
over time. In contrast, 50% MeCN with ultrafiltration and MeOH/H2O/CHCl3 extraction
resulted in NMR spectra devoid of any broad signals from macromolecules, providing
optimal baselines for analysis.

3.5. Summary and Recommendations

Among the tested methods, five methods (67% MeCN, 80% MeCN, 100% MeCN,
100% MeOH, and 50% MeOH with ultrafiltration) showed inadequate extraction efficiency
and/or poor reproducibility, making them unsuitable for NMR brain metabolomics. The
performance of the remaining six methods is summarised in Table 2, including relative
extraction efficiency, reproducibility, protein levels, and metabolite stability.
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Table 2. Summary of the six brain metabolite extraction methods in terms of extraction efficiency
(mean ± SE), reproducibility (median, [IQR]), protein levels (mean ± SE), and metabolite stability.

Extraction
Method

Relative
Extraction
Efficiency

(Mean ± SE)

Reproducibility,
RSD (%, Median

[IQR])

Protein Levels
(mg/mL,

Mean ± SE)
Asp and Glu
Deuteration

NAA
Conversion

into Aspartate
and Acetate

GSH
Oxidation
to GSSG

Ascorbic
Acid

Reduction
Macromolecule

Signals

50% MeCN 1 ± 0.01 3.68 (3.49) 0.4 ± 0.01 ++ ++ + + +
50% MeOH 0.88 ± 0.01 4.66 (5.67) 0.35 ± 0.01 ++ + + + -
67% MeOH 0.88 ± 0.03 7.48 (4.49) 0.31 ± 0.03 ++ -* - + -
80% MeOH 0.79 ± 0.03 5.93 (3.85) 0.26 ± 0.01 - - ++ + +

MeOH/H2O/
CHCl3 (2:1:2) 0.96 ± 0.05 9.62 (2.66) 0.3 ± 0.01 - - + + -

50% MeCN + UF 0.73 ± 0.01 3.54 (5.55) 0.2 ± 0.02 - - + + -

-: no. -*: marginally. +: yes. ++: yes, and to a greater extent. SE, standard error. RSD, relative standard deviation.
IQR, interquartile range. Asp, aspartate. Glu, glutamate. NAA, N-acetyl aspartate. GSH and GSSG, reduced form
and oxidised form of glutathione, respectively. UF, ultrafiltration.

Three out of the remaining six methods (50% MeCN, 50% MeOH, and 67% MeOH)
demonstrated good extraction efficiency and reproducibility, but the deuteration of as-
partate and glutamate resonances was observed, possibly due to the inadequate denat-
uration/precipitation of AST. This highlights the importance of considering the effects
of deuterated solvents and care should be taken to ensure that the integrals of both the
protonated and deuterated resonances are combined to avoid spurious results. Further-
more, 50% MeCN and 50% MeOH were found to induce NAA conversion into aspartate
and acetate, potentially linked to the insufficient denaturation of ASPA which poses a risk
of false discoveries, particularly in the following scenarios: (1) during prolonged room
temperature exposure; (2) during lengthy experiments with many samples, leading to long
experimental durations; (3) the analysis of tissues where ASPA, potentially responsible for
NAA conversion, is known to express; or (4) for the study of systems where the expression
of ASPA is essential to the experimental readout. Therefore, these methods are not advised
for untargeted metabolomics when these unstable signals are included in the data analysis.
Our results highlight the importance of optimising the deproteinisation of tissues where
residual enzymes could affect sample stability (including deuteration) or where protein
expression levels vary, even when pulse programs to suppress residual macromolecules
are to be used.

Increasing the MeOH ratio to 80% increased protein precipitation ability, which suffi-
ciently denatured residual proteins, but at the expense of decreased extraction efficiency.
However, increasing broad signals over time led to an overestimation of lactate and leucine
concentrations. This phenomenon was not observed in samples subjected to ultrafiltration
or MeOH/H2O/CHCl3 extraction, likely indicating that the broad signals arise from in-
complete protein precipitation. While this method offers simplicity and is well-suited for
high-throughput studies, there is a risk of temporal inflation in the resonances of lactate
and leucine.

Ultrafiltration, serving as a positive control for protein removal, reduced protein
content by half to a 0.2 ± 0.02 mg/mL, as evidenced by the absence of broad macromolecule
resonances up to eight hours post sample preparation. Moreover, ultrafiltration preserved
the stability of aspartate, glutamate, NAA, and acetate, thus confirming that their instability
originated from residual proteins. However, ultrafiltration led to a 27% reduction in
overall metabolite abundance compared to the 50% MeCN extraction method. Additionally,
glycerol contaminants from the filter masked the detection of glycine, certain myo-inositol,
and glutamine resonances in the NMR spectrum. Consequently, ultrafiltration methods do
not appear suitable for NMR analysis.

MeOH/H2O/CHCl3 extraction resulted in improved deproteinisation, while main-
taining adequate extraction efficiency and reproducibility in agreement with previous
studies [5,11,32]. Therefore, MeOH/H2O/CHCl3 extraction is recommended for untar-
geted brain NMR metabolic profiling over other tested methods. One disadvantage of
MeOH/H2O/CHCl3 extraction is that it requires more time and careful handling compared
to single-phase extraction methods, particularly during phase transfer, in order to mitigate
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variability. Moreover, this method does not address the observed decrease in ascorbate
and oxidation of GSH. To maintain changes within 10% for glutathione and ascorbate, it is
advisable to acquire spectra within 4 h of sample preparation. For researchers requiring
higher accuracy for these metabolites, further optimisation of extraction methods may
be necessary. This could include the addition of antioxidants, or derivatising agents, pH
adjustments, the use of degassed solvents, and/or temperature control to reduce the risks
of metabolite oxidation [12,30,31,33].

While recommending specific extraction protocols, we strongly advise conducting
trials of NMR spectroscopy and analysis on biological replicates using the method of choice
before progressing to studying valuable samples. Absolute integral values were used in
data analysis throughout this study to investigate preanalytical impact, while sum normal-
ization is typically used in metabolomic studies to mitigate the impact of concentration
variations resulting from mass differences or pipetting errors (Figure S10). This study
evaluated metabolite integrity at room temperature following NMR sample preparation.
Not all NMR spectrometers are equipped with autosamplers that can maintain refrigerated
conditions, and preparing and loading samples individually to mitigate enzymatic activity
would be labour-intensive and inefficient. This limitation highlights the importance of
effective deproteinisation during sample preparation to ensure metabolite stability. When
feasible, using autosamplers with refrigeration capabilities is recommended, as this can
further mitigate metabolite alterations and enhance the reliability of metabolomics anal-
ysis. The focus of this study was on the extraction and stability of polar metabolites, as
NMR metabolomics is well-suited for aqueous phase extractions. Although the brain is a
lipid-rich organ, lipidomics is better addressed using mass spectrometry, and thus, lipid
extraction was not within the scope of this NMR-based study. We recommend that future
studies incorporate lipidomic analyses for a more comprehensive metabolic profile.

Our findings are specific to brain tissue, which has unique biochemical characteristics,
such as a high lipid content and distinct protein compositions. While the addition of
chloroform appears necessary for effective protein precipitation in brain tissue, the require-
ments may differ for other tissues. The most efficient protein removal method may not
always be optimal in terms of time and metabolite recovery. For instance, tissues that lack
significant amounts of these enzymes might achieve sufficient protein removal with simpler
single-phase extractions, such as 50% MeOH or 50% MeCN. These simpler methods could
offer benefits in terms of reproducibility and ease of use, particularly for high-throughput
workflows. Future studies would be valuable to explore and optimise extraction protocols
tailored to the unique biochemical properties of different tissues.

Our study highlights the importance of optimising extraction methods for brain NMR
metabolomics, particularly in balancing metabolite stability (including that affected by
deuteration) and effective protein precipitation. While this study used brain tissues from
rodent models, these techniques could be similarly applied to human brain biopsies, where
the amount of tissue available is also limited. This approach has direct relevance to both
animal studies and potential clinical applications in human tissue analysis. Future research
should explore the applicability of these protocols to human samples, particularly in clinical
settings where precise metabolic profiling is crucial for diagnosis and treatment monitoring.
In such cases, while histology alone may not provide a definitive diagnosis, metabolic
profiling could offer valuable complementary insights.

4. Conclusions

This study is the first systematic investigation into the effect of residual protein con-
tamination on metabolite stability following NMR sample preparation in brain tissues.
The findings underscore the crucial role of protein precipitation in maintaining metabo-
lite integrity, particularly for key metabolites such as aspartate, glutamate, and N-acetyl
aspartate. Our results demonstrate that insufficient protein precipitation in commonly
used extraction solvents (50% MeCN, 50% MeOH, and 67% MeOH) leads to metabolite
instability (including that affected by deuteration), which can markedly compromise the
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reliability of NMR-based metabolomics studies. These results highlight the importance
of optimising extraction methods for effective deproteinisation to ensure the stability of
NMR spectra—a factor often overlooked due to the tolerance of NMR instrumentation to
residual protein contamination.

By identifying MeOH/H2O/CHCl3 extraction as a reproducible method for enhancing
metabolite stability, we provide a valuable tool for brain metabolomics research, which can
be readily applied to optimise sample preparation protocols and improve the accuracy of
metabolomic profiling. Although MeOH/H2O/CHCl3 extraction was effective in prevent-
ing protein-related instabilities, further optimisation is required to improve the stability of
oxidation-sensitive metabolites. Future research should investigate the use of antioxidants,
degassed solvents, or other stabilising agents to mitigate oxidation during the extraction
process, as this remains a limitation of the present study.

Supplementary Materials: The following supporting information can be downloaded at: https:
//www.mdpi.com/article/10.3390/metabo14110609/s1, Figure S1: Metabolite assignments in a
representative NMR spectrum from a brain Sample Extracted with 50% MeCN. Figure S2: Overview
of representative NMR spectra for each extraction method. Figure S3: Heatmap of NMR resonance
percentage changes for metabolites across extraction methods. Figure S4: Loadings plot of PCA
(corresponding to scores plot on Figure 2D) highlighting the contributions of Asp-2-d1, Asp, and
Glu to variation in PC2. Figure S5: NMR spectra illustrating changes in unstable resonances over
time delays in NMR measurement in a 50% MeCN brain sample. Figure S6: Pearson correlation
of unstable metabolites in 50% MeCN samples. Pearson correlation coefficient r is visualised with
different sized circles in the upper triangular of the correlation matrix, and the r values are shown
in the lower triangular. p values were adjusted with the false discovery rate. The plot includes only
significant correlations. (A) 0–8-h samples. (B) 0–3-h samples (C) 4–8-h samples. Figure S7: NMR
spectra illustrating the reduction in ascorbate signals over time in an ascorbic acid standard sample
(in phosphate buffer pH = 7.4) during NMR Measurement. Figure S8: Enhanced baseline uniformity
at 0.8–1.0 ppm, 1.2–1.5 ppm, 1.6–1.8 ppm in 50% MeCN samples with ultrafiltration (yellow) in
contrast to 50% MeCN samples (green). Figure S9: NMR spectra illustrating the increasing broad
signals over time at 0.85–0.90 ppm and 1.25–1.35 ppm in an 80%MeOH brain extract during NMR
measurement. Figure S10: Sum normalised method reduced the impact of variations in overall
sample concentration. This is compared to Figures 2D and 3A, where absolute values were used
for PCA. (A) PCA scores plot of the brain metabolic profiles from different extraction methods with
no delay in NMR measurement. (B) PCA scores plot of brain metabolic profiles from six extraction
methods over a time range from 0 to 8 h of delay in NMR measurement. Table S1: Mean ± standard
error of metabolite resonance integrals across groups at different NMR measurement delays. One-way
ANOVA was performed to assess significant differences between group means.
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