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Abstract 

Malignant brain tumours represent one of the most devastating diagnoses 

a clinician may ever deliver to a patient. Due to their aggressive, invasive, and 

destructive nature, these tumours are considered among the deadliest forms of 

human cancers in both adult and paediatric patients. The current multimodal 

treatment is insufficient to cure these patients, but merely extends their survival. 

Therefore, there is an urgent need for effective anti-cancer therapeutic products. 

To identify novel therapeutic agents, we need to have improved 

understanding of the genetic landscape and underlying molecular 

characteristics of brain tumours, especially within the context of tumour 

heterogeneity, which likely accounts for therapy failure as certain cancer cells 

can escape from immune surveillance and therapeutic threats. Metabolomics 

has become an increasingly popular ñomicsò approach to understanding the 

underlying biological mechanisms related to a disease and identifying important 

metabolic pathways and biomarkers. 

Surface mass spectrometry (MS) for in situ metabolic characterisation has 

great potential for high-throughput untargeted metabolomic analysis of brain 

tumour tissue. It allows rapid analysis of a large number of samples (as fast as 

1 ï 2 min per sample), which is challenging with the conventional liquid 

chromatography-mass spectrometry (LC-MS). Also, surface MS has widened 

the range of samples for metabolomics analysis to include those less 

incompatible with LC-MS, such as the formalin-fixed paraffin-embedded (FFPE) 

tissue sections. FFPE tissue archives are conventionally used in 

histopathological settings but gained increasing popularity in omics research 

because of their larger availability compared to the fresh frozen tissue and the 

fact that they can be stored at ambient environment for many years while 

maintaining vast resource for biomolecular investigation. However, the pre-
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extraction needed for LC-MS from these samples is extremely difficult as the 

region of interest may have a diameter of only a few hundred micrometre and 

the tissue sections are typically as thin as 4 µm. A solution to this is the surface 

MS that requires minimal amount of tissue material with minimal sample 

preparation.   

In the recent years, rapid development and technical innovations have 

been made in the field of surface MS, including the OrbiSIMS and liquid 

extraction surface analysis (LESA)-MS. In this thesis, untargeted metabolic 

profiling methods using these two techniques were developed. In OrbiSIMS, we 

focused on the evaluation of sample substrates (conductive ITO slides and 

regular non-conductive slides) and analysis temperature (room-temperature 

and cryogenic condition), and their effects on untargeted metabolic profiling. It 

was discovered that room-temperature analysis on freeze-dried samples and 

cryogenic analysis of fresh frozen samples allowed the identification of many 

exclusive metabolite ions. In LESA-MS, we compared different solvent 

extraction systems, sampling methods (i.e., liquid microjunction sampling and 

"contactò LESA), MS/MS parameters and other experimental conditions, which 

enabled us to choose the most suitable settings to use in the subsequent 

experiments. 

The developed method was first applied to study glioblastoma (GBM) intra-

tumour heterogeneity. We showed that GBM cell sub-populations (necrotic, 

viable, and non-cancerous) within single tumours displayed distinct metabolic 

profiles. Therefore, it is possible that this analytical approach can be employed 

to predict different histological features in GBMs, such as the clinically relevant 

infiltrative margins which harbour molecular signatures associated with residual 

disease. Also, by mapping ubiquitous metabolites across necrotic and viable 

regions into pathways, we discovered metabolic activities (i.e., tryptophan 



IV 
 

metabolism) that were potentially essential for not only cancer cells with rapid 

proliferation (i.e., viable GBM cells) but also necrotic cells that often indicate 

poor prognosis and tumour recurrence, which makes it a potential therapeutic 

target.   

Furthermore, we extended and tailored the developed metabolomic 

method to investigate metabolic alterations associated with paediatric high-

grade gliomas. In this pilot study, we discovered that high-grade and low-grade 

gliomas exhibited distinct metabolic signatures characterised by phosphate, 

5,6-dihydrouracil, imidazole-4-acetaldehyde, indol-3-yacetaldehyde, and L-3-

cyanoalanine. We also discussed the current limitations with using tissue 

microarrays (TMAs) for LESA-MS and OrbiSIMS analysis, and provided 

practical solutions for future studies. 

Further interest of LESA-MS/MS metabolomics comes from its application 

as a direct infusion MS technique for the analysis of liquid biopsy. A fast and 

robust workflow was developed using milk samples for the investigation of cattle 

lameness. In this study, we also discussed novel statistical strategies such as 

model triangulation that helped increase confidence in biomarker discovery. 
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Chapter 1 General Introduction 

1.1 Human Brain Tumour 

1.1.1 General Introduction of Brain Tumour 

More than 90% of cancers in the central nervous system (CNS) occur in 

the brain (1). Brain tumours are a complex group of benign and malignant 

neoplasms that can affect both children and adults. All the CNS cancers 

accounted for about 3% of all cancer cases in the UK (2). Globally, the age-

standardised incidence rate of CNS cancer is 4.63 per 100,000 person-years 

(1). Patients with brain tumours show various symptoms, including frequent 

headaches, changes in speech, difficulty in concentration, coordination issues, 

seizures, mood swings, and memory loss (3). 

According to the World Health Organization (WHO) guidelines for tumour 

grading, brain tumours can be grouped into four grades (from 1 to 4) based on 

the molecular and histological characteristics (4,5). Low grade tumours (e.g., 

grade 1 and 2) are often considered benign. These tumours usually show 

distinct tumour borders, slow progression, and the tumour cells rarely invade 

neighbouring non-cancerous tissue. High grade (grade 3 and 4), also known as 

malignant tumours, are characterised by extremely poor prognosis in light of 

their high heterogeneity, diffusiveness, and aggressiveness (6). Different from 

tumours located outside the cranium, both malignant and benign forms of brain 

tumour can be life-threatening because it infiltrates one of the most crucial 

organs in the human body, the brain. Brain tumour is an important cause of 

mortality and morbidity in both children and adults, which often produces high 

burden in both families and healthcare systems (7).  

Based on the statistics of 133,669 patients diagnosed with primary brain 

tumour in England between 1995 and 2017, 64.17% of patients had malignant 
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brain tumours (2). Most malignant brain tumours develop from the glial tissue 

(8). These tumours are known as gliomas, which represent approximately 80% 

of malignant brain tumours (9). Notoriously, glioblastoma (GBM) is the most 

common and aggressive type in adults. They occur most often in the cerebral 

hemispheres, especially in the frontal and temporal lobes of the brain (Figure 

1.1). Patients diagnosed with GBM usually have an overall median survival less 

than two years (10).  

 

Figure 1.1 Location of common brain tumours. Created by BioRender.com. 

 

1.1.2 Paediatric Brain Tumours 

Paediatric brain tumours are the most common solid tumour in children and 

the leading cause of childhood cancer-related deaths (11). Among all primary 

CNS and brain tumours, gliomas are the most common histology class in 

children aged 0ï14 years (12). With the advances in surgical and adjuvant 

therapy, the survival rate of children diagnosed with low-grade glioma (LGG) 

and medulloblastoma has improved. However, children with diffuse midline 

gliomas (DMG) (i.e., diffuse intrinsic pontine glioma (DIPG) and paediatric 

midline high-grade gliomas (pHGGs)) still have poor prognosis (13).  
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Approximately 8% to 12% of brain and CNS tumours are considered pHGG, 

but this counts for more than 40% of death (12). These tumours most often 

originate from the supratentorial (i.e., cerebrum) area, but more rarely, they 

could also develop from the cerebellum (14). Over the past four decades, there 

were a significant number of prospective clinical trials for children with pHGG, 

but there has been little improvement in patient outcome (15). Comparing 

gliomas arising in children and adults, it was discovered that tumours in children 

have unique biology in terms of DNA copy number, gene expressions, and 

somatic histone mutations (16,17). For instance, histone mutations occur 

predominately in paediatric gliomas, while mutations in isocitrate de-

hydrogenase (IDH) mostly occur in adult low-grade gliomas (18). Therefore, 

future therapeutic agents should be tailored for paediatric patients taking 

account of these differences. Among DMGs, the two-year survival rate is usually 

higher for tumours arising in the cerebral cortex compared to the ones arise in 

the brainstem, also known as DIPGs (17). For many decades, the median 

survival of DIPG patients was less than one year (19). A great challenge of 

treating DIPGs is posed by their location within the brainstem and infiltrative 

growth pattern, which makes it impossible for extensive resection (Figure 1.1) 

(13).  

1.1.3 Current Treatments and Challenges 

Treatment for patients diagnosed with malignant brain tumour require a 

multidisciplinary strategy. Current standard of care includes maximum safe 

surgical removal, followed by a standardised regimen of chemotherapy and 

radiotherapy (20). Surgery is an effective way of reducing intracranial pressure 

and relieving mass effect and other symptoms caused by the tumours. 

Radiotherapy can prolong survival in most of patients with malignant brain 

tumours, including high grade gliomas (21). Surgery combined with 
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radiotherapy was the standard treatment until 2005, when a critical study 

reported that the addition of temozolomide (TMZ) to radiotherapy for GBM 

patients resulted in significant survival benefit (22). The median survival 

increased from 12.1 months with radiotherapy alone to 14.6 months with TMZ 

plus radiotherapy. However, there have been concerns regarding the 

neurocognitive impairment caused by radiotherapy, especially for paediatric 

patients whose brain is still actively developing (23). 

Unfortunately, following such an aggressive course of treatment, the 

majority of malignant brain tumours still remain incurable. First, sitting in one of 

the bodyôs most crucial organs, some of these tumours are located beyond the 

reach of even the most skilled neurosurgeon, such as DIPGs mentioned in the 

previous section. Secondly, brain tumours locate behind the bloodïbrain barrier, 

which can impede exposure to systemic chemotherapy (7). Even when surgical 

resection is possible, extensive and complete surgical removal of tumour can 

be difficult especially for invasive tumours that often do not have a clear border 

between cancer cells and healthy neighbouring cells, and infiltrating tumour 

cells can remain in the surrounding brain, which leads to later disease 

progression or recurrence (24).  

Once tumours progress after the initial therapy, treatment options become 

limited, and the management of recurrent malignant tumours remain 

challenging and unclear (25). Total surgical resection can be an option for only 

a small proportion of patients, and there is a disagreement as to whether repeat 

surgery in fact improves the overall survival (20). Repeat radiotherapy is not a 

common option as it increases the risk of radiation necrosis. In recent years, 

numerous clinical trials have been conducted to identify effective therapies to 

treat recurrent brain tumours, but few drugs have shown any therapeutic 

benefits. It has been pointed out that precision medicine that takes account of 
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the genetics, environment, and lifestyle of a person for selecting suitable 

treatment is the key to improving overall survival of patients with tumour 

recurrence (26). In the long term, to identify novel therapeutic agents, we need 

to have an improved understanding of the genetic landscape and underlying 

molecular characteristics of brain tumours. 

1.1.4  Inter- and Intra-tumoral Heterogeneity in GBM 

The Cancer Genome Atlas (TCGA) is a landmark cancer genomics 

program which molecularly characterised cancers. It has offered important 

insights into genomic changes in a large GBM cohort with identification of 

molecular subgroups, namely classical, neural, pro-neural and mesenchymal 

(27,28).  Each of these molecular subgroup is characterised by Epidermal 

Growth Factor Receptor amplification, the expression of neuron markers such 

as NEFL, GABRA1, SYT1 and SLC12A5, mutation in PDGFRA/IDH1 pathway, 

and Neurofibromin 1 mutation, respectively (29,30). Nonetheless, little 

therapeutic benefit was gained from the subgroup-specific therapeutic design 

with only a slight survival advantage of aggressive chemoradiotherapy for the 

pro-neural subgroup (28). Although TCGA attempted to address the challenge 

of heterogeneity by classifying GBM into four distinct molecular subgroups, it 

was insufficient to capture the fast-evolving landscape of GBM (29).  

According to a more recent single-cell RNA sequencing study, there is a 

heterogeneous mixture of cancer cells corresponding to aforementioned 

subtypes within each individual GBM tumour (31). Such intra-tumour 

heterogeneity is increasingly believed to be one of the key determinants of 

therapy failure. An important layer of intra-tumour heterogeneity in GBM is 

spatial heterogeneity. Sottoriva  et al. showed the evolutionary dynamics of 

distinct clones within single GBM tumours by an integrated genomic analysis 

(32). Since multiple clones with different genetic aberrations coexist within the 
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same lesion, it allows drug-resistant cells progressively replace the therapy-

sensitive clones, which would favour the survival of the entire tumour population 

(Figure 1.2) (33). 

 

Figure 1.2 Intra-tumour heterogeneity: pathways to treatment resistance and 
recurrence in GBM. Resistant cells replace the therapy-sensitive clones. Created by 
BioRender.com.  

 

1.1.5  Tumour Microenvironment 

Cancer stem cells (CSCs) in GBM are at the apex of an entropic hierarchy 

and impart devastating therapy resistance. These cells often demonstrate two 

principal features: differentiation and self-renewal (34). Similar to the function of 

normal stem and progenitor cells, CSCs participate in tissue development and 

repair in tumours (35). Also, they are able to generate transient amplifying cells, 

which eventually fate to become the terminally differentiated effector cells (35). 

These stem cell-driven hierarchies within the tumour has been proven to be a 

major factor for intra-tumoral heterogeneity (36).  

GBM stem cells (GSCs) can thrive in harsh, complex microenvironmental 

niches. In GBM, the major tumour niches are hypoxic core (necrosis and 

pseudopalisading cells), invasive edge and perivascular niche (37). These 

microenvironmental niches do not just harbour GSCs but rather they ensure 

growth, maintenance, and protection of cancer cells from immune surveillance 

and therapeutic threats by exhibiting communication centres in the tumour (37). 
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The main characteristics of each GBM niches and their interactions with GSCs 

are summarised in Table 1.1.  

Table 1.1 The main characteristics of major GBM niches and how they interact with 
GSCs.  

 Characteristics Interaction with GSCs 

Hypoxic niche 

Á Compromised vascular function 
(37) 

Á Obstructed tumour vessels (37) 

Á Morphological hallmark: palisades-
like cells surrounding necrotic zone 
(38) 

Á Indicator for poor prognosis (39) 

Á Turns inflammatory cells into 
immune-suppressive and 
angiogenesis-promoting cells (40) 

Á GSCs are enriched in 
hypoxic niche (41) 

Á Increase stem cell 
properties of tumours 
(42) 

Perivascular niche 

Á Disorganised and leaky blood 
vessels (37) 

Á Elevated vascular endothelial 
growth factor (VEGF) activity (43) 

Á Tumour-associated macrophages 
(TAMs) commonly found in this 
niche (44) 

Á A highway for GBM cells to invade 
normal brain parenchyma (45) 

Á Provides crucial cues for 
maintenance of 
stemness (46) 

Á Enable GSCs migration 
and DNA repair (47) 

Invasive niche  

Á Tumour cell infiltration into normal 
neighbouring tissue (48) 

Á óSurgically resistantô populations 
(49) 

Á A more functional vasculature (37) 

Á Closely associated with microglial 
cells (50) 

Á GSCs upregulate 
signalling pathways that 
facilitate invasion (51) 

Á GSCs express 
mediators of the that 
convert cancer cells to a 
more invasive, 
metastatic phenotype 
(52) 

 

Tumour microenvironment plays an important role in generating a 

spectrum of cancer cell subpopulations, which increase the probability that at 

least one of these subgroups will survive the therapeutic threat to reconstitute 

the others (53). Therefore, to effectively target the heterogeneous GSCs and 

cancer cells population, it is essential to fully understand the complex landscape 

of tumour ecosystem. For future studies, it is important to rigorously dissect 

signalling circuits tailored to the specific tumour niche and to decipher potential 

ubiquitous pathways to most efficiently targ et all different niches (37).  
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1.1.6 Re-purpose FFPE Tissue 

Most human tissue specimens archived in hospitals for diagnostic 

purposes are formalin-fixed paraffin-embedded (FFPE) blocks which have been 

shown to be stable for many years and are usually associated with rich clinical 

and phenotypic data, including histopathology, diagnosis, treatment history and 

response, and outcome (54). To prepare FFPE tissue sections, the fresh tissue 

obtained from surgery is first fixed with formalin solution, dehydrated through 

graded alcohol, then embedded in paraffin blocks. Typically, 5 µm section  is cut 

from the block and haematoxylin and eosin (H&E)-stained for microscopic 

analysis (55). The remaining block is stored in the pathology department as 

tissue archive.  

 

Figure 1.3 Schematic diagram for sample preparation of FFPE tissue. 

 

FFPE tissue archives are increasingly used for cancer research, even 

though frozen tissue and frozen blocks has long been regarded as the gold 

standard. So far, FFPE tissue have been used for various óomicsô research 

including genomics (56,57), transcriptomics (58), metabolomics (59), and 

proteomics (60,61). FFPE tissue has several advantages compared with fresh 

frozen tissue (62): 
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1) As FFPE blocks are routinely prepared in the pathology departments, it 

has higher availability than fresh frozen samples. 

2) It can stay stable at room temperature for several years. 

3) It preserves of the cellular and architectural morphology of the tissue. 

However, the major limitation with FFPE tissue samples is that some 

analytes including metabolites, lipids, and pharmaceutical compounds that are 

detectable in fresh tissue may not be found in the FFPE tissue. It could be due 

to the cross-linking in FFPE tissue and loss of analytes during long wash and 

incubation in organic solvents during formalin fixation and dewaxing processes 

prior to analyses (63,64). 

Overall, it is believed that FFPE tissue archives still contain large amount 

of valuable information that could be retrieved to answer important research 

questions in cancers.  

1.2 Metabolomics for Cancer Research 

1.2.1 ñOmicsò 

In the recent decades, the way that biological systems and diseases are 

understood has been largely transformed thanks to the advent of two cutting-

edge techniques, sequencing of the genome (65ï67) and systems biology 

(68,69). The modern history of DNA sequencing began in 1977 when Sanger 

reported his method for determining the order of nucleotides of DNA using 

chain-terminating nucleotide analogues (70). The complete sequencing of the 

first genomes was reported in 1996 for yeast Saccharomyces cerevisiae 

through an international effort involving some 600 scientists (67). This gives 

considerable hope for the rapid analysis of genomes of a large number of 

important fungi by using S. cerevisiae as a paradigm. Later, the complete 

sequencing of human genome project was published in 2001 (65), and most 
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recently updated in 2019 (71). Since the sequencing of genomes was 

introduced, it has evolved into an unbiased and remarkably high-throughput 

method that can examine billions of templates of DNA and RNA in a single 

instrument run. Combined with advanced computational data analysis, it has 

contributed to increasing precision in healthcare provided to patients who are 

diagnosed with cancer, and vastly accelerating biomedical research (72). The 

vast trove of information obtained from global cancer genomics projects is 

valuable for understanding genetic mechanism underlying cancer development 

and progression (73).  

Genome sequencing and other systems biology techniques are different 

from the traditional techniques that use reductionist approaches to tackle 

problems in a biological system, which usually targets only a limited set of 

tumour features, such as organ of origin, histological features, and a few 

markers. This traditional approach has limited capabilities to answer 

complicated research questions such as inter-patient and intra-patient 

heterogeneity, tumour phenotype, and microenvironmental signalling. On the 

contrary, systems biology aims to understand systems óas a wholeô (74). This is 

essential as the properties of a system are different to the properties of a single 

component. 

After the introduction of genomic technique, proteomics and 

transcriptomics also gained widespread interests in the scientific world. For a 

long time, cancer research had been focused on the genetic aspects, such as 

oncogenes and tumour suppressor genes. In comparison, the metabolic aspect 

of cancer development is a relatively unexplored area (75). 
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1.2.2 General Introduction of Metabolomics 

Metabolites are small molecules (<1500 Da) that participate in metabolic 

activities, which drive essential cellular functions, such as apoptosis, signal 

transduction, energy production and storage (76). They are the integrated result 

of both gene expression in a biology system and its environment influences 

(Figure 1.4). Combinations of the most comprehensive methods are able to 

discover and predict 114,100 metabolites in human (77) and more than 200,000 

metabolites in plants (78). Metabolites can be produced not only by the host 

living organism but also the co-existing microorganism, dietary, and other 

exogenous sources such as environmental pollutants (79). Understanding 

metabolism is fundamental to comprehending the phenotypes produced in a 

biological system, including humans, where metabolism is an integral part of 

health (80). 

 

Figure 1.4 The ñomicsò cascade in systems biology approach. Metabolome is the 
downstream product of gene expression and environmental influences. 

 

The metabolome was first defined by the research groups of Oliver and 

Ferenci in 1997 and 1998, respectively (81,82). The two publications are 

classified as the pioneering papers in metabonomics and metabolomics. Later, 

a NMR-based ómetabonomicô approach was employed by the Nicholson group 

to study human biofluids in 1999 (83), and a study of plant metabolome by using 
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GC-MS was reported by Fiehn and colleagues at the Max-Planck Institute of 

Plant Physiology in 2000 (84). From these roots has developed a flourishing 

scientific field of metabolomics.  

Untargeted metabolomics (i.e., global metabolomics) allows for the 

measurement of the broadest range of metabolites present in a biological 

system without a priori knowledge of the metabolome (76). This method 

generates a complex dataset that requires advance computational tools to 

correlate their changes with pathological states, or the effect of external 

influencing factors (85). The data can be used for relative quantification across 

sample groups and to provide hypotheses that can be further studied with 

targeted approaches. By contrast, targeted metabolomic methods are 

developed based on a priori information, and optimised for a predefined set of 

metabolites and pathways. 

1.2.3 Hallmark of Cancer: Metabolic Reprogramming 

One of the most important applications of metabolomics is to understand 

metabolic alterations in cancer. Metabolic reprogramming has been listed as 

one of the hallmarks of cancer development (75). Alterations in metabolism of 

cancer cells (ñWarburg Effectò) was first introduced in 1920s (86,87). It 

describes an important phenomenon that most cancer cells rely on aerobic 

glycolysis and tend to convert glucose into lactate even in oxygen-rich 

conditions, which is a less efficient way of generating ATP compared with the 

amount obtained by mitochondrial respiration (88). Warburg hypothesised that 

the effects were a result of dysfunctional mitochondria (89). However, later work 

showed that most cancer cells do not have impaired mitochondrial functions, 

which suggests an alternative explanation for ñWarburg Effectò (90,91). The 

mechanism behind this phenomenon is complex and there is a lack of clarity 

regarding its ontology. The current proposed theories include (Figure 1.5): 
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Á It enables faster ATP synthesis. The rate of glucose metabolism through 

aerobic glycolysis is higher compared to mitochondrial respiration (92). Cancer 

cells often compete for limited and shared energy resources in a tumour, 

therefore, cells with a higher rate, but lower yield, of ATP production may gain 

a selective advantage (93). 

Á It promotes flux into biosynthetic pathways. ñWarburg effectò might be 

an adaptation mechanism to support the biosynthetic requirements of 

uncontrolled proliferation, by providing excess carbon or other intermediates for 

the generation of nucleotides, lipids, and proteins (94,95). 

Á It affects tumour microenvironment. Due to elevated lactate secretion, 

the pH in the tumour microenvironment decreases, which could degrade the 

extracellular matrix to enhance invasiveness of the cancer (96).  

Á It affects cell signalling. The Warburg Effect can promote tumorigenesis 

as a result of this signal transduction affecting other cellular processes including 

generation and modulation of reactive oxygen species and the mediation of 

chromatin state (97,98). 
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Figure 1.5 Hypothesised functions of the ñWarburg Effectò. 

 

A number of altered and reprogrammed metabolic pathways related to 

ñWarburg Effectò have been discovered in brain tumours. Firstly, in most brain 

cancer cells, glutamine, a principal anaplerotic substrate in the tricarboxylic acid 

(TCA) cycle, is consumed at a higher rate compared to normal cells. By 

contributing to production of biomolecules, redox homeostasis and ATP 

synthesis, it supports the growth and proliferation of cancer cells (99,100). 

Another important pathway is the serine and glycine metabolism. In the 

presence of abundant serine, the glycolytic enzyme pyruvate kinase M2 is fully 

activated, which enables lactate production and aerobic glycolysis (101). Serine 

can be used to further synthesize glycine, a critical amino acid for nucleotide 

synthesis and redox balance (102), with enzyme serine 

hydroxymethyltransferase (SHMT). SHMT 2, which is one of its major isoforms, 

shows strong correlation with proliferation of cancer cells (103), and increased 

expression in the hypoxic zone of GBM (104).  

Proposed 
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ñWarburg 
effectò
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synthesis
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But overall, metabolic alteration is still not well understood in brain tumours 

and represents a promising avenue for the development of novel therapies. 

1.2.4 Conventional Metabolomics Platforms 

Metabolomics studies employ analytical techniques such as Fourier-

transform infrared (FT-IR) spectroscopy, nuclear magnetic resonance (NMR) 

spectroscopy, and liquid and gas chromatography (LC and GC) coupled to 

mass spectrometry (MS) (105,106).  

FT-IR spectroscopy uses infrared radiation to vibrate molecular bonds 

within the sample that absorbs it. Each molecule can have a different spectrum, 

depending on the atoms involved in the bond and the strength of any 

intermolecular interactions (107). It is a rapid, non-destructive, and reproducible 

analytical technique that is easy to use and usually requires minimum sample 

preparation. In cancer research, it has been applied to study cellular response 

to therapeutic agents as metabolic fingerprinting tool (108) and probe metabolic 

and proteomic differences that differentiate cancerous and normal conditions 

(109). However, it has limited ability in distinguishing metabolites due to low 

sensitivity and selectivity compared to NMR spectroscopy and MS (110).  

NMR spectroscopy is a relatively high-throughput and non-destructive 

method that involves minimal sample treatment. Its reproducibility is high as the 

sample does not physically interact with the operating parts of the instrument, 

therefore, changes in sensitivity from instrument contamination are not 

observed (111). It applies strong magnetic fields and radio frequency pulses to 

the nuclei of atoms. By absorbing the energy, nuclei are promoted from low 

energy to high energy spin states. During relaxation, it releases radiation that 

can be detected by the instrument (112). This technique has also been applied 

to distinguish different types of brain tumours and predict survival of the patients 



16 
 

(113,114). Unlike the conventional chromatography-based MS approach, this 

method does not rely on the pre-separation of metabolites. In 1H (proton) NMR, 

all metabolites containing protons give raise to signals in a non-biased manner. 

Therefore, it usually generates complex profiles with significant signal 

overlapping (115). Another limitation of NMR spectroscopy-based 

metabolomics is low sensitivity.  

In general, MS-based techniques have been largely preferred compared to 

NMR and FT-IR spectroscopy in metabolomics research indicated by the 

number of publications in PubMed since 2002 (Figure 1.6). It has an 

outstanding position among analytical methods thanks to its unravelled 

sensitivity, speed and selectivity (116). In a MS experiment, it can allow for the 

detection of thousands of metabolites at a concentration of nM scale and higher 

(117,118).  

 

Figure 1.6 Number of publications in the metabolomics field each year with MS, NMR 
and FT-IR spectroscopy, since 2002. 
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In a mass spectrometer, ions are firstly produced from the sample in the 

ionisation source; according to the mass-to-charge ratio (m/z), these ions are 

separated in the mass analyser; their abundance is subsequentially measured 

in the detector where it converts the ion movement into electrical signals; lastly, 

the signals are processed and transmitted to the computer (119). It can be used 

to sensitively detect, identify, and quantitate molecules.  

The chromatography systems that often coupled to MS response to 

injected analytes differently according to their polarity, molecular mass, and 

volatility. This pre-separation makes it possible to achieve large scale 

quantification, which is of great value for understanding metabolism in living 

organisms (120,121). However, it usually involves time-consuming and labour-

intensive sample preparation to isolate analytes from other components of the 

sample matrix. For instance, solid samples (e.g., animal tissue) need to be 

homogenised and extracted in order to solubilise metabolites (122). Also, 

macromolecules present in a given sample (e.g., DNA and proteins) have to be 

removed to prevent damage to the column (123). For analytes with low 

concentration levels, samples may need to be pre-concentrated before analysis 

(124).  

MS techniques have been evolving rapidly in the recent decades. An 

increasing number of novel techniques have joined the MS family and added 

many new advantageous features that have significantly improved its simplicity, 

speed of analysis, reproducibility, and accuracy. Most importantly, in situ MS for 

surface analysis that allows for the simultaneous elucidation of the identity of 

metabolites and their localisation has offered valuable insight to researchers. 

These in situ techniques usually require minimum sample preparation 

compared to conventional chromatography based MS. Some of the most 
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important surface MS techniques used for in situ metabolomics are discussed 

in detail in the section 1.3. 

1.2.5 Challenges in Metabolomics Research 

Metabolomics studies have generated remarkable breakthroughs in clinical 

research, identification of novel metabolites, and characterisation of biological 

pathways. Also, referencing metabolomics assisted biomarker discovery 

demonstrate exponential growth in its utilisation for the discovery of clinical 

marker (125). However, to explore the full capabilities of metabolomic research, 

we are still facing many challenges in this complex and nascent discipline. 

Different from gene, RNA and proteins that are constituted of nucleotide or 

amino acid templates, metabolites are not fixed in a structural template. Any 

biological system contains a diverse range of metabolites with different 

physicochemical properties (i.e., hydrophobicity, polarity, volatility, and pKa), 

stability, turnover rates in cells, and vary orders of magnitude (i.e., from g/L to 

less than ng/L) (126,127). This means that there is no universal analytical 

method that can accurately capture the full scope of existing metabolites in a 

biological sample.  

Another major challenge in metabolomics application is the lack of method 

standardisation. The Metabolomics Standards Initiative was conceived in 2005, 

and later in 2007. They published a series of minimal reporting guidelines for 

metabolomic data analysis (128). However, these guidelines never progressed 

from being the ñproposedò documents to formal guidelines.  Due to the lack of 

explanation and elaboration, these original guidelines have relatively poor 

uptake and they are not required by most journals for publishing a metabolomics 

manuscript (129). To enable the interconnection between various analytical 

approaches and ensure that the data and results are available and useful to the 
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wider scientific community, there is an urgent need for the whole metabolomics 

society to adopt current and future standards at all stages of a study, including 

sample collection and handling, study design, reporting protocol, normalisation, 

data acquisition, and data mining (130ï132). 

An important step in metabolomics research is identifying ñtrueò 

metabolites which would allow informative interpretation of metabolomics data. 

To identify or annotate a detected compound, a common method is to match 

the features (e.g., accurate m/z values, retention time, fragmentation patterns) 

of a detected compound with its pure standard or references recorded in 

libraries or database. It is estimated that there are at least 114,100 metabolites 

in human (77) and more than 200,000 metabolites in plants (78). But only a few 

thousand chemical reference standards for metabolites are commercially 

available because of the inherent instability of many metabolites and lack of 

supply (133). A significant milestone was reached with the development of a 

number of metabolome databases, such as The Human Metabolome Database 

(https://hmdb.ca/) (134), The Serum Metabolome database 

(https://serummetabolome.ca/) (135), FooDB (https://foodb.ca/), and spectral 

libraries, such as mzloud (https://www.mzcloud.org/) and METLIN Gen2 

(https://massconsortium.com/). However, current databases only represent a 

small percentage of endogenous metabolites, and they usually contain a wide 

variety of unnatural metabolites (136).  

1.3 Surface Mass Spectrometry Techniques for in situ Metabolomics 

1.3.1  General Introduction 

Surface analysis is one of the most important applications in the MS field 

(137). Different from the conventional approach where MS is coupled to liquid 

or gas chromatography, surface MS allows for direct detection of compounds 

from the sample surface, which omits the time-consuming and chemically 

https://hmdb.ca/
https://serummetabolome.ca/
https://foodb.ca/
https://www.mzcloud.org/
https://massconsortium.com/
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disturbing sample preparations (138,139). Furthermore, it provides a great 

opportunity for simultaneous elucidation of both chemical entities of compounds 

and their localisation, which is known as mass spectrometry imaging (MSI) 

(140).  

Surface MS techniques have been widely applied for the analysis of 

metabolites (141ï145), proteins (146ï148), lipids (149ï152), and drugs 

(153,154), from a wide range of matrices and surface substrates. This field is 

currently dominated by time-of-flight secondary ion mass spectrometry (ToF-

SIMS), matrix-assisted laser desorption/ionisation mass spectrometry (MALDI-

MS), and desorption electrospray ionisation mass spectrometry (DESI-MS). 

More recently, a number of studies using liquid extraction surface analysis 

(LESA) sampling technique have been reported, which highlights its ultra-high 

sensitivity and rapid speed (145,147,155ï157). In the meantime, new 

techniques are introduced into the surface MS family, for example, the recently 

developed Orbitrap secondary ion mass spectrometry (OrbiSIMS) instrument 

(158). 

In section 1.3.4, the main surface MS techniques applied in this PhD project 

are described and discussed in detail, focusing on the OrbiSIMS and LESA-MS. 

1.3.2  ñHardò vs ñSoftò Ionisation 

Based on the ionisation mechanism, MS can be divided into two sub-

categories, ñhardò and ñsoftò ionisation MS. ñHardò ionisation techniques, such 

as chemical ionisation (159) and electron ionisation (160,161), are highly 

energetic and often cause extensive fragmentation to the analytes so that the 

ions of the parent molecules are not always observed. These techniques are 

only suitable for compounds that are thermally stable and sufficiently volatile. 

However, a large number of compounds, especially biological molecules (e.g., 
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lipids, proteins, metabolites), are thermally labile. Therefore, its application on 

biological samples such as cells or tissue is often limited.  

On the contrary, with ñsoftò ionisation, very little residual energy is retained 

by the analyte, and generally little fragmentation occurs upon ionisation. In late 

1980s, two new technologies, the electrospray ionisation (ESI) (162) and matrix-

assisted laser desorption/ionisation (MALDI) (163) presented real 

breakthroughs.  

The importance of the ESI was soon recognised by the Nobel committee, 

and John Fenn and Koichi Tanaka, who developed this technique was awarded 

the 2002 Nobel Prize in Chemistry. It has become by far the most common 

ionisation method for biological samples. In ESI, a high voltage is applied to the 

sample solution, which causes its dispersion into an aerosol of highly charged 

electrospray droplets. Also, a sheath gas flow around the capillary facilitates 

better nebulisation and direct the electrospray droplets from the capillary tip to 

the mass spectrometer. Finally, the charged analytes are released from the 

droplet and detected by the analyser (Figure 1.7) (164ï166).    

 

Figure 1.7 Schematic representation of the ESI process. 

 

MALDI was introduced by Karas and his colleagues in 1985, but increased 

interest in MALDI-MS was seen only since late 1990s when the commercially 
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available equipment was introduced to the market (148,167,168). Typically, it 

involves a laser striking a sample where the ablation and ionisation of analytes 

is facilitated by applying a thin layer of small molecule matrix (Figure 1.8). Its 

ñsoftò ionisation process enables ions to be generated from large molecules, 

such as polymers, DNA, peptides, and proteins, but with minimal fragmentation. 

Therefore, it has become one of the most important surface MS techniques for 

biosciences research. 

 

Figure 1.8 Schematic representation of the MALDI sampling and ionisation process. 

 

1.3.3 Vacuum vs Ambient Surface Mass Spectrometry 

Vacuum conditions are required in some surface MS techniques such as 

SIMS and conventional MALDI for maintaining and transferring ions. However, 

the use of high vacuum makes it challenging to analyse volatile and semi-

volatile compounds such as free fatty acids, which means a potential loss of 

valuable biological information. Also, it is essential to remove bulk water from 

the sample prior to the application of high vacuum in most of cases (169).  

A solution to this can be found in the rapidly growing field of ambient MS, 

which makes it is possible to analyse samples in their native state (170).  It is 

considered as the second contemporary revolution after the introduction of soft 
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ionisation, embedding the philosophy of ñsurface analysis in the open air 

(ambient environment) without sample preparationò. This greatly decreases 

experimental complexity and time required for MS analyses because it omits 

the need for sample treatment that is required to make the sample suitable for 

the vacuum environment, and volatile or semi-volatile molecules can be 

maintained.  

For instance, a handheld device called MasSpec Pen has been developed 

recently based on ambient MS to provide real-time tissue assessment during 

surgery, which can greatly assist surgical decision-making, reduce operative 

time, and improve patient care and outcome (171,172). Similarly, Takats et al. 

developed an intelligent knife (iKnife) using rapid evaporative ionisation MS 

(REIMS) technique that allows for nearïreal-time characterisation of human 

tissue in vivo by analysis of the aerosol (ñsmokeò) released during 

electrosurgical dissection (173).  

Two landmark ambient techniques are desorption electrospray ionisation 

(DESI) introduced in 2004 (174,175), and direct analysis in real time (DART) 

since 2005 (116,176,177). Other important ambient MS techniques include 

laser-based ion sources by Shiea group (178) and surface sampling probes 

(SSP) from the Van Berkel group (179,180). One of the main techniques applied 

in this thesis, LESA, falls into the category of SSP. 

1.3.4 Novel Surface Mass Spectrometry Techniques: LESA-MS and 

OrbiSIMS  

1.3.4.1 LESA-MS 

In this thesis, a major surface MS technique we applied, LESA-MS, is 

based on liquid microjunction surface sampling probes (LMJ-SSP). The concept 

of liquid junction was originally introduced by Lee et al. in 1989 in an experiment 
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of liquid junction coupling with capillary zone electrophoresis (181). This was 

later adapted by Henion et al. in the early 2000s to build an integrated capillary 

sampling probe/electrospray emitter system, where the capillary sampling 

probe was used to bring the solvent to the surface and deliver soluble materials 

from multi-well plate back to the source for subsequent ionisation (182). Later,  

the coupling of capillary sampling probe/electrospray emitter system and thin-

layer chromatography was explored by Van Berkel group (183,184), including 

the analysis of dyes on paper (184) and protein (lysozyme) from glass slides 

(185). A lot of exploration work and development of a new surface sampling 

system has been done by Van Berkel group since then (Figure 1.9), which 

include a proof-of-principle study that used LMJ-SSP to analyse drugs and their 

metabolites from whole-body thin tissue sections as an imaging approach (186).  

 

Figure 1.9 The timeline of liquid microjunction surface sampling probe development. 

 



25 
 

The formation and maintenance of a stable liquid microjunction (LMJ) 

between the surface to be sampled and the end of the sampling probe is one of 

the most important steps in surface sampling (Figure 1.10). There are many 

factors contributing to the formation of a LMJ, such as solvent delivery flow rate, 

solvent systems, properties of surface material, and raster speed that also has 

impact on extraction efficiency (186), as well as careful control of probe-to-

surface distance (< 20 µm spacing), which usually requires precise operation 

and real-time re-optimisation during the entire experiment. 

 

Figure 1.10 Schematic illustration showing the details of the liquid microjunction 
formation with a surface sampling probe. 

 

When the LMJ-SSP probe is used for discrete spot sampling, careful 

alignment of the probe-to-surface distance must be accomplished by a skilled 

operator each time when the probe moves from one sampling location to 

another. To simplify the operation, attempts have been made by developing 

óhands-freeô automate control and the associated software (184). A new 

automated sampling operation mode was introduced where the probe was 

positioned not as close to the surface as in the previous experiments (20 µm 

spacing) (Figure 1.11a), but at a larger distance (100-300 µm), which let the 

extraction solvent extend from the sampling end of the probe to the surface (179) 
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(Figure 1.11b). This important advancement has opened many opportunities 

for using LMJ-SSP as a practical and high-throughput analysis (30 s sample-to-

sample) tool for discrete spot sampling. 

 

Figure 1.11 Schematic illustration of the liquid microjunction surface sampling probe. 
(a) The close probe-to-surface spacing and narrow liquid microjunction. (b) The new, 
larger probe-to-surface spacing for spot sampling. (Anal. Chem. 2009, 81, 16, 7096-
7101) 

 

Based on this discrete spot sampling mechanism, liquid extraction surface 

analysis (LESA) was first described in 2010 by Van Berkel and Kertesz as an 

evolution of LMJ-SSP (180). LESA and conventional LMJ-SSP are greatly 

reliant on the same mechanism despite the slight differences in terms of 

instrumental configuration and workflow. The uptake of LMJ-based technique 

was supported by the successful commercialisation of a fully automated LESA 

interface, which is known as Advion NanoMate chip-based infusion nanoESI 

system (Figure 1.12). This system uses robotically operated pipette tips that 

allows the extraction solvent droplet to dispense onto the probed surface area 

predefined by the LESA Points software (Advion Biosciences, Inc., Ithaca, USA), 

which is subsequently aspirated back to the pipette and docked with an 

automated chip-based nano-ESI source (Figure 1.13). Alternatively, the user 
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can bring the pipette tip to come in contact with the surface by defining the 

height to which the pipet descends above the sample surface, known as 

ñcontactò LESA (187,188). Surface sampling process and suitability of this 

system was illustrated in Kertesz and Van Berkelôs pilot paper that tested its 

analytical performance on small-molecule analytes spotted on a MALDI plate, 

dried blood spot on paper, and drugs and their metabolites from whole-body 

thin tissue sections (180). 

 

Figure 1.12 Advion NanoMate chip-based infusion nanoESI system coupled to a high-
resolution Orbitrap mass spectrometer. 

 

LESA-MS with Advion NanoMate system has a wide range of applications 

for biological samples, such as drug compounds from tissue sections (189ï191), 

lipids from tissue sections (192,193) and single cells (194), also, proteins or 

peptides from various sample surfaces including dried blood spots (195,196), 

biomaterial (197), thin tissue sections (198), bacterial surface (188,199) and 

thermally treated meat species (200,201). It has been proven to be a powerful 
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technique for detecting metabolites from a variety of samples including living 

microbial colonies (202), fingerprints, biofluid (203), and cancer cells (204). A 

few studies also reported using LESA-MS as an imaging technique. It has been 

considered as a highly sensitive surface sampling technique but with limited 

capabilities in delivering high spatial resolution images due to the diameter of 

sampling tips (145,147,155ï157), especially compared to SIMS and MALDI 

(Table 2).  

 
Figure 1.13 LESA sampling schematic workflow. 

 

Although LESA-MS is not often used alone in an imaging study due to its 

relatively low spatial resolution compared to other MSI  techniques (Table 1.2), 

it can be a useful complementary tool that significantly increases the overall 

sensitivity when other conventional imaging techniques, such as MALDI, are 

used to deliver high resolution images (191,205,206). In some studies, both 

MALDI and LESA were used as imaging techniques in a single experiment to 

validate the outcome from each technique and obtain complementary data (207). 

In a study of drug blood-brain barrier penetration in the brain tissue, MALDI-MSI 

was applied to map penetrative compounds with high concentration in the whole 

tissue section, while LESA-MSI was used to probe the poorly penetrative 

molecules that were in low abundance in the same brain tissue region (144).  
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Table 1.2 Typical spatial resolution for MSI techniques. 

Surface MS 
Technique 

SIMS MALDI 

Direct Liquid Extraction Techniques 

DESI LESA LMJ/SSP flow probe 

Spatial 
Resolution  

< 1 µm 
10 ï 100 

µm  
150 ï 250 

µm  
> 1000 
Õm 

500 ï 1000 µm  

 

In clinical applications, LESA-MS has been applied to identify metabolic 

signatures of various diseases. Reported by Basu  et al., as a proof-of-principle 

study, in vitro LESA (ivLESA) was designed for direct lipidomic profiling for 

breast cancer cell lines grown on 96-well culture plates (204). In Sarsbyôs study, 

the suitability of using LESA for protein analysis (top-down and bottom-up) from 

healthy and diseased liver tissues were discussed (208). Hall  et al. conducted 

a study for the same disease by lipidomic profiling using animal and human 

tissues, which suggested the capability of LESA-MS in determination of the 

presence of non-alcoholic fatty liver disease  and its severity (122). Another 

study conducted by the same group established lipid signatures for healthy and 

cancerous lung tissues in mice by applying MALDI-MSI and LESA-MS (206). In 

this study, LESA-MS was used as a complementary tool offering high sensitivity 

to further elucidate the differences of different lung cancer subtypes by lipid 

profiling.  

1.3.4.2 OrbiSIMS 

Among the MS techniques mentioned above, SIMS was historically the first 

one developed and applied in surface analysis (209). In SIMS, sample mounted 

on a substrate is bombarded with an energetic primary ion beam under high 

vacuum, which generates electrons, as well as positively, negatively, or 
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neutrally charged species. The ionised species known as ñsecondary ionsò are 

subsequently detected and analysed in a mass spectrometer (Figure 1.14).  

 

Figure 1.14 Principe of SIMS. On the sample surface, the white circles indicate sample 
matrix, and the orange circles indicate analytes.  

 

SIMS is widely used for studying hard materials in materials science, 

geology, and cosmochemistry. In comparison, limited applications are seen in 

biologically related problems. One of the major reasons is that the identification 

of biological molecules is challenging using SIMS (169). Typically, SIMS 

employs a ñhardò ionisation process with conventional liquid metal ion guns 

(LMIG), such as Ga+ or In+, which causes extensive fragmentations of organic 

molecules and make the spectra difficult to interpret (209). The emergence of 

different cluster ion sources ð C60
+, Bi3+, Au3

+ and SF5 (210), and argon gas 

cluster ion beam (Ar GCIB) (211)  have largely reduced surface damage 

accumulation and generate ñcleanerò spectra where ions of intact molecules 

could also be seen, while retaining the high surface sensitivity and 

submicrometric imaging capability from the conventional form of SIMS. This 

advancement has brought SIMS increasing attention in the biological field. As 



31 
 

an imaging technique, SIMS currently offers the highest spatial resolution for 

sub-cellular and cellular exploration of the metabolome (140). Another main 

factor that makes biomolecular identification difficult is the relatively low mass 

resolution of the ToF analyser of the ToF-SIMS instrument. The highest mass 

resolution offered by the latest M6 ToF analyser from IONTOF is merely 32,000 

at m/z 372.2 (212). 

An exciting advancement of SIMS is the state-of-art OrbiSIMS system 

introduced in 2017 (158). It is a hybrid SIMS instrument equipped with both ToF 

analyser and high-resolution Orbitrap analyser. With the Orbitrap analyser, it 

increases the instrumentôs mass resolving power to 240,000 at m/z 200, which 

is about 10-fold higher compared to the conventional configuration of ToF-SIMS. 

This results in significantly improved confidence in ion annotation. Also, 

OrbiSIMS is equipped with both bismuth liquid metal ion gun (Bi LMIG) and Ar 

GCIB. As mentioned earlier, the development of GCIB contributes to a 

significant reduction in molecular fragmentation, which makes it more suitable 

for biological samples (158).  

To date, OrbiSIMS has been successfully applied in a range of biological 

samples, such as undigested proteins from human skin (213), metabolites from 

single cells (214), amino acids and lipids from skin (215), and small molecules 

on biofilms (216). The metabolic profiling of pro-inflammatory and anti-

inflammatory macrophages in the study by Suvannapruk  et al. showed  us the 

potential of this method in improving our understanding of the response of the 

human body to implanted devices and immune diseases (214). Also 

interestingly, by using OrbiSIMS to obtain the depth profiles of the skin, it 

allowed researchers to understand the permeation of endogenous compounds, 

such as antiaging peptide into the human stratum corneum, which was 

previously unattainable (215).  
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In cancer research, a pilot study was carried out by Meurs  et al. to 

understand the metabolic alterations associated with the relapse status of 

paediatric patients with ependymomas (217). This study provided initial proof 

that an OrbiSIMS based in situ metabolomic analysis could improve our 

understanding of cancer metabolism, an emerging hallmark of cancer (75). 

Since only small amount of material was needed for the analysis, the same 

sample was re-used in further analysis with another technique, LESA-MS/MS, 

to provide complementary metabolomics data (217). Since different ionisation 

mechanisms are involved in LESA-MS and OrbiSIMS, a sequential analysis 

using both techniques allowed for the detection a wider range of metabolites 

that were effectively ionised with at least one technique. 

1.3.4.3 Comparison of Surface Mass Spectrometry Techniques 

As mentioned earlier, DESI and MALDI are two popular surface MS 

techniques that have been frequently used for analysing biological samples. 

Here, we compared their key properties with OrbiSIMS and LESA (Table 1.3). 

Both DESI and LESA are extraction solvent-based sampling techniques. While 

DESI is operated in continuous raster motion with a ódroplet pickupô mechanism 

(174), LESA allows for analysing discrete locations. Also, since LESA uses 

single-use nanoESI nozzles and disposable pipet tips, it eliminates carry-over 

effect that is usually observed and accumulated in DESI-MS especially after a 

long period of operation (157). Therefore, there is no regular washing needed 

for LESA during the experiment, which is beneficial for high-speed analysis. 

Also, due to the high-pressure nebulizing gas applied in DESI, delocalisation of 

analytes may occur (218). 

Because the minimal sampling area of LESA is the diameter of its pipette 

tips (approximately 1 mm), it may not be compatible with samples or regions of 

interest that are smaller than the pipette tip. Also, it is not suitable for imaging 
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analysis where high resolution is required. However, a benefit of having a large 

sampling area is the unrivalled sensitivity and chemical coverage, which are 

often a great limitation in surface MS techniques with high spatial resolution. 

The performance of MALDI critically relies on the physiochemical 

properties of the applied matrix, and the spatial resolution attainable depends 

on the particle size of matrix crystals and their dispersion on the material surface 

(219). Failures in ensuring homogeneous dispersion and small crystal size can 

lead to poor reproducibility of experimental outcomes. Since often no sample 

pre-treatment is required in OrbiSIMS or LESA, it eliminates unwanted 

variances introduced during the sample preparation process.  

Finally, thanks to the complimentary nature of OrbiSIMS and LESA, their 

combined use in metabolomic studies could potentially enable unprecedented 

molecular characterisation in various samples. 

Table 1.3 Comparison of surface mass spectrometry techniques. 
* It refers to the conventional MALDI instrument. The atmospheric pressure MALDI (AP-
MALDI) is operated at the ambient environment (220). 

 OrbiSIMS LESA DESI MALDI 

Sensitivity Limited  High Relatively high  Relatively high  

Spatial resolution 
Highest 
2~20 Õm (GCIB) 

> 1000 Õm 
Moderate 
150~250 Õm 

High 
10~100 Õm 

Quantification Challenging Challenging Challenging Challenging 

Chemical scope Limited Wide Wide Relatively wide 

Environment Vacuum Ambient Ambient Vacuum* 

Main drawback 
Sensitivity and 
fragmentation 

Large 
sampling area 

Operated in 
continuous raster 
mode only 

Require a 
matrix coating 

 

1.4 Data Analysis in Untargeted Metabolomics 

1.4.1 General Workflow 

Metabolomic studies often generate large amount of data, and handling 

such complex dataset properly is an essential step in metabolomic research, 
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which has great impact on the quality of results and whether useful biological 

and clinical information can be retrieved from the data. In general, data analysis 

in untargeted metabolomics includes acquiring original data with analytical 

platforms (e.g., MS), data pre-processing (peak picking, peak alignment, zero 

filling), data analysis using multivariate and univariate techniques, identification 

of metabolites, metabolic pathways analysis, and biological interpretation for the 

research question (Figure 1.15) (221,222).  

The raw files of MS-based metabolomics data are a series of mass spectra 

acquired at given time points that consist of ion masses and their intensities. In 

the case where chromatography separation is used, the data will also contain 

retention time of each ion. When an imaging experiment is conducted, the raw 

data will include the information of pixel location. It is beneficial to assess the 

quality of raw data manually prior to data export and pre-processing. 

The second step is extracting metabolic data from mass spectra and 

converting it into mass and intensity vectors for data pre-processing. A range of 

tools have been developed to carry out this function, for example, 

MetaboAnalyst (http://www.metaboanalyst.ca/), commercial software 

Compound Discoverer, and Workflow4metabolomics 

(https://workflow4metabolomics.org/). While many well-established public 

platforms were designed for LC- or GC-MS data, most shot-gun metabolomics 

and surface analysis (including LESA-MS/MS and OrbiSIMS) use in-house 

processing tools or instrument-specific software. Typically, the initial data matrix 

undergoes a number of processes at this stage including quality control, missing 

value imputation, normalisation, scaling, and transformation (223). Scaling 

adjusts for the difference in fold differences between different metabolites by 

dividing the intensity of each variable by a scaling factor. The scaling factor 

should be chosen based on the biological information to be obtained (224). For 

http://www.metaboanalyst.ca/
https://workflow4metabolomics.org/
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example, because of the differences in orders of magnitude between measured 

metabolite concentrations, Pareto scaling can be applied to reduce the relative 

importance of large values, but keep data structure partially intact (225). 

Transformations of data is typically used to correct for heteroscedasticity and 

make skewed distributions more symmetric (226). 
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Figure 1.15 Simplified workflow for metabolic data analysis. 
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Subsequently, the processed dataset is subjected to multivariate and 

univariate analysis (e.g., Studentôs t-test). Two of the most popular multivariate 

analysis methods are principal component analysis (PCA) (227) and partial 

least squares (PLS) (228). PCA can serve as an unsupervised, first-pass 

method to identify differences between high-dimensional metabolomic data. It 

aims to capture as much variance in the original data as possible in a lower 

dimensionality output (229). However, the variability reflected by PCA is the total 

variability within a dataset, which means the major contributors to the group 

separation revealed by the PCA loadings can be completely irrelevant to the 

research question. It is a common problem with metabolomics data because the 

metabolite species and their abundance in a biological sample can be affected 

by numerous intrinsic and extrinsic factors, which may overshadow the 

biological differences related to the research topic. Therefore, partial least 

squares-discriminant analysis (PLS-DA) and its extended version, orthogonal 

partial least squares-discriminant analysis (OPLS-DA) (230), are frequently 

used to construct a supervised regression model which utilises the group 

membership information from the data. A major difference between PLS-DA and 

OPLS-DA is that OPLS-DA disentangles group-predictive and group-unrelated 

variation to two orthogonal dimensions, and its model is usually more 

parsimonious and easily interpretable compared to PLS-DA (231).  

Once a valid classification model is constructed, the strongest predictive 

variables can be selected and annotated using metabolome or spectra 

databases. Subjecting the identified important metabolites to pathway analysis, 

potential metabolism activities associated with the provided list of metabolites 

can be discovered, which will be used to answer the research question 

ultimately. 
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1.4.2 Limitations with Conventional Statistic Methods 

PLS-DA and OPLS-DA approaches have a main advantage of handling 

highly collinear and noisy data. Combined with the fact that there is widespread 

availability of PLS-DA in most of the well-known statistical software packages, 

this approach has become a predominantly applied method in the metabolomic 

field (232). PLS-DA is an approach for assessing the relationship between a 

response variable Y (i.e., classes, groups) and descriptor variables X (i.e., 

metabolomic data) (228). It aims to find a linear subspace of the explanatory 

variables that allows the prediction of Y matrix based on a reduced number of 

factors (i.e., components). In addition, this provides several statistics that can 

be used to identify the most important variables, such as loading weight, 

variable importance on projection (VIP) scores and regression coefficient (233). 

However, the strength of these statistics has been questioned recently (234).  

In metabolomic studies, sample size is often too small compared to the 

large number of variables detected (hundreds to thousands). In this scenario 

using PLS-DA for classification will likely result in overfitting of the data, which 

means the model classifies the training data well, but future samples are 

classified poorly (234). Similarly, OPLS tends to construct prediction models 

that remove systematic variation that does not agree with the assigned group 

classification, therefore, force scores-space separation (231). Popular statistics, 

R2 (i.e., correlation coefficient) and Q2, which are often quoted in publications, 

are in fact less suitable for categorical problems in metabolomics as they were 

designed for regression models. Q2 is based on the evaluation of the error 

between the predicted categorical variable and the known categorical variable 

(235). While a low value of Q2 (for instance, Q2 < 0.5) for the training set can 

indeed serve as an indicator of a low predictive ability of a model, a high Q2 (for 

instance, Q2 Ó 0.5) does not imply automatically a high predictive ability, since 
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the lack of correlation between the high value of the training set Q2 and the high 

predictive ability of the test set has been noticed (236, 237). A more suitable 

way of evaluating these models is to assess the accuracy of prediction by using 

the Y variable. It means that to predict two classes (e.g., assigned as 1 versus 

0), predicted values from validation data should be close to 0 and 1 for controls 

and cases respectively, if predictions are close to 0.5 then the model has limited 

discriminatory power and should not be considered as valid (232). Although Q2 

is de facto the default diagnostic statistic to validate PLS-DA models in 

metabolomics included in statistical packages, such as SIMCA (Umetrics Inc.), 

other diagnostic statistics of PLS-DA, including the number of misclassifications 

(NMC) and the Area Under the Receiver Operating Characteristic (AUROC), 

should also be considered to optimise and assess the performance of PLS-DA 

models (238). Also, splitting the dataset into a training set and a test set and 

then assessing the ability of the model to predict values for the test set is a 

useful approach for the robust validation of a model (239).  

Using PLS-DA or OPLS-DA models without rigorous validation, the 

ñsignificantò results and ñimportantò variables could be generated by the model 

solely by chance. However, validation of PLS and OPLS models is still far too 

infrequent in published work (234, 240). In some studies, a cross validation of 

the results in PLS or OPLS model was performed, but not exactly in a proper 

manner (241).  

Even though data analysis methods in metabolomics are mostly 

multivariate in nature, we see more and more often that a combination of 

univariate and multivariate analysis is used to unveil information in 

metabolomics, as these two different methods may provide complementary 

results (242). While multivariate analysis deal with the simultaneous relationship 

among variables (243), univariate methods focus on independent changes in 
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metabolite levels (244). For univariate analysis, Studentôs t-tests with false 

discovery rate (FDR) correction were typically performed. As the number of 

tests increases, power for an individual test may become unacceptably low. 

Therefore, FDR correction is used to control the chance of making type I errors 

when multiple statistical tests are performed (245). However, the idea of 

hypothesising ñthere is a differenceò based on the concept of statistical 

significance and p values in Studentôs t-tests has been increasingly criticised, 

as it provides fairly limited information about the data, and can be easily 

misinterpreted (246). The trouble with using a ñstatistically significantò p value 

to conclude ñreal differencesò is that it simplifies many scientific questions into 

a categorical problem (i.e., either óstatistically significantô or óstatistically non-

significantô). But in reality, random variation in perfect replication studies can 

easily lead to large disparities in p values, far beyond falling just to either side 

of the 0.05 threshold (246). Also, it may encourage researchers to cherry-pick 

a statistical method that yield ñstatistically significantò results, instead of 

reporting all results from all analyses. 

Metabolomics is a relatively young, vigorous, and continuously expanding 

field, where statistical analysis is an essential part. We wanted to emphasise 

the limitations of using these popular statistical methods in the field of 

metabolomics that are sometimes ignored by inexperienced researchers, and 

the importance of understanding how the model works. Although we believe that 

PLS-DA can be a useful tool for analysing metabolomic data if used properly, 

there is no universal choice of method which is superior in all cases. In the final 

chapter of this thesis, we explored a new method of triangulation of machine 

learning models and stability selection for metabolomic data analysis, which is 

explained in the next section.  
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1.4.3 New Trends in Metabolomics Data Analysis: Machine Learning and 

Model Triangulation 

It is discovered that the triangulation of multiple machine learning methods 

can yield valuable insights on the reliability of the results generated from the 

conventional statistical workflow described above. It can also mitigate the issue 

of results being method-dependent and improve the likelihood of identifying truly 

important variables (247). Machine learning has become increasingly popular 

for statistical analysis of metabolomics data due to the inherent nonlinear data 

representation and the ability to process large and heterogeneous data rapidly 

(248). In machine learning, statistical models are trained to make reasonable 

prediction on unknown dataset using different algorithms, such as random forest 

(RF) (249), elastic net (250), PLS (251), and support vector machine (SVM) 

(252). However, there is no universal statistical method suitable for all 

metabolomics data, and each model has its own inherent limitation and risk of 

over-fitting. Therefore, it was proposed that multiple model triangulation could 

be a useful strategy to increase the reliability of the results (247).  

Furthermore, high variability of results and low reproducibility is a common 

issue with conventional regression methods (i.e., a single, non-bootstrapped 

regression model) for covariate selection from high dimensional data in 

comparison to stability selection (253ï256). This strategy can help identify the 

most stable predicators under bootstrap resampling, which is a statistical test 

using random sampling with replacement to mimic real-world sampling process. 

In biomarker screening, this method can possibly identify the strongest 

candidates as disease indicators among significant metabolites.  

The application of machine learning and stability selection in untargeted 

metabolomics will be further elaborated in Chapter 5. 
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1.5 Aims and Objectives of the Thesis 

The overall aim of this thesis is to develop MS-based untargeted 

metabolomic strategies that are compatible with different types of human brain 

tumour samples, such as FFPE whole tumour tissue sections and tumour tissue 

microarrays, as well as liquid biopsy. Combining with suitable statistical tools 

and data analysis strategy, it will permit an improved understanding of 

mechanism of diseases and selection of disease indicators. 

¶ Firstly, we presented method optimisation and comparison of analysis 

conditions for the OrbiSIMS and LESA-MS/MS analysis to improve the 

detection of metabolites from the homogenised brain tissue samples 

(Chapter 2).  

¶ Next, the established workflow was applied to heterogeneous human GBM 

tissue sections taken from entire tumour lesions for the investigation of 

metabolic alterations associated to different tumour niches in its tumour 

microenvironment, which is an important cause of treatment failure in GBM 

patients (Chapter 3).  

¶ Furthermore, the developed method was modified and extended to the 

analysis of paediatric glioma tumour tissue microarrays, which is an 

increasingly popular sample format used in cancer research. The study 

aimed to unveil metabolomic changes that contribute to the malignant 

behaviour of tumour cells by comparing the metabolic profiles of high-grade 

and low-grade tumours (Chapter 4). 

¶ In the end, we further explored the capability of LESA-MS/MS as a direct 

infusion technique for liquid biopsy. A novel strategy was established for 

dried milk spot samples for the investigation of cattle lameness. The 

developed method can be potentially applied to various dried liquid samples 

(e.g., blood and urine) for the investigation of a wide range of diseases. 
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Novel statistical strategies (machine learning and stability selection) were 

also discussed (Chapter 5). 
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Chapter 2 Development of in situ Mass Spectrometry-

based Metabolomic Methods for Brain Tissue 

Samples 

 

2.1 Introduction 

To acquire meaningful biological information from metabolomics data, it is 

important to ensure that optimal approaches are applied throughout the 

experiment and analysis including sample preparation, surface sampling, 

instrumentation settings, and data analysis (105). This is especially important 

when analysing precious clinical samples with limited availability, such as rare 

brain tumours. However, there have been no studies describing a 

comprehensive development of untargeted metabolomic approach for 

analysing these samples using LESA-MS (180) and OrbiSIMS (158). 

The LESA instrument uses robotically operated pipette tips to dispense 

extraction solvent to the probed surface area and form a stable liquid 

microjunction. Subsequently, it re-aspirates the solvent containing extracted 

analytes back to a mass spectrometer through ESI (179). Sampling settings can 

have a direct effect on extraction efficiency that affects ion mass signals and 

metabolite coverage. Also, an inconsistent sampling process may introduce 

undesired variance between samples leading to poor reproducibility (257). The 

sampling process can be affected by various factors including properties of 

tissue surface, volume and composition of extraction solvent, sampling method 

applied (i.e., liquid microjunction or ñcontactò LESA sampling), and extraction 

duration (257,258). The conventional sampling method is to form a liquid 

microjunction (LMJ) between the pipette tip and the sample surface (Figure 1.9) 

(180). But the user can also bring the pipette tip to come in contact with the 

surface by defining the height to which the pipette descends above the sample 

surface to zero (187,188). Here, we first evaluated the efficiency of liquid 
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extraction sampling process for the extraction of metabolites from biological 

tissue. Then, we optimised the LESA-MS/MS method by evaluating different 

extraction solvent compositions, sampling approaches (i.e., liquid microjunction 

or ñcontactò LESA sampling), and data-dependent acquisition (DDA) settings. 

Dried rat brain tissue homogenates spotted on clean glass slides were used for 

untargeted metabolite profiling.  

The sample preparation for OrbiSIMS is minimal. However, the choice of 

substrates and experimental conditions may affect data quality. Primary ion 

bombardment during SIMS analysis can result in sample surface being 

positively charged, which distorts trajectory of ions and lead to reduced ion 

intensity. Therefore, conductive substrates, such as indium tin oxide (ITO) 

coated slides, are frequently used in SIMS analysis to compensate for the 

ñcharging effectsò (259). However, regular non-conductive glass slides are most 

often used in clinic practice, and they are the most common substrate for FFPE 

tumour tissue archives prepared at the hospital. Therefore, we evaluated the 

suitability of non-conductive slides as an OrbiSIMS substrate by comparing the 

signal intensity of putatively annotated ions from rat brain tissue homogenate 

placed on non-conductive and ITO coated substrates. Secondly, OrbiSIMS 

provides an option of cryogenic analysis (stage temperature between -150 ęC 

and - 170ęC). It has been reported previously that analysing biological samples 

under cryogenic condition could offer advantages such as facilitating ionisation, 

reducing fragmentation and improving chemical coverage (216,260). At 

cryogenic temperature, samples can be analysed as frozen hydrated with high 

water content, which is not possible with conventional OrbiSIMS where all 

samples need to be dehydrated prior to analysis (158). The water in the samples 

may act as a matrix facilitating proton transfer for ionisation, reduce the ion 

suppression by salts (216,261ï263), and contribute to reduction in ion-beam 
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induced fragmentation (260). Also, it is often difficult to detect molecules with 

intermediate or high vapor pressures under ultra-high vacuum condition. As 

cryogenic temperature can largely reduce a compoundôs volatility, these 

molecules may become detectable under high vacuum (260). Here, to evaluate 

these effects, we compared the metabolomic data acquired from identical rat 

brain tissue homogenate at both room temperature and cryogenic settings. 

2.2 Materials & Methods 

2.2.1 Sample Preparation 

Rat Brain Tissue Homogenates 

Male Sprague Dawley rats, typically weighed 275 ï 300 g, were first 

euthanised by CO2 exposure, then neck dislocation as a confirmation of death. 

The whole brain was homogenised with deionised water to a final concentration 

of 500 mg/mL. For simulated tissue microarrays (TMAs) used in LESA sampling 

optimisation, brain tissue homogenate (500 mg/mL in deionised water) was 

printed manually with a metal calibration printing pin on clean glass slides to 

microarrays of diameters of 0.8 mm, 1.5 mm, and 3.0 mm. In other optimisation 

experiments, 1.5 µL of tissue homogenate was manually pipetted onto a clean 

glass slide (Figure 2.1). The prepared samples were stored at -80 ęC until 

further use. All rat brain tissue samples used in this study were donated by Dr. 

Pavel Gershkovich at the University of Nottingham. The rat brain was prepared 

and homogenised by a trained personal license holder. 
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Figure 2.1 Example of rat brain tissue homogenate (1.5 µL/spot) dried on a glass slide. 

 

Metabolite Standards 

Metabolite standards were used in the evaluation of data pre-processing 

tools and the assessment of LESAôs extraction efficiency of metabolites from 

tissue surface. A total of 103 MS-grade metabolite standards were mixed in 

acetonitrile to a final concentration of 200 µM for each metabolite and stored at 

-80ęC until use. For direct infusion experiments, 20 ÕL of deionised water was 

added into 20 µL of metabolite standard solution and mixed thoroughly for 30 s 

using a vortex mixer. The solution was then pipetted onto clean glass slides and 

air-dried. To prepare rat brain tissue homogenate spiked with metabolite 

standards, 20 µL of metabolite standard mixture was added to 20 µL of tissue 

homogenate and mixed for 30 s using a vortex mixer, which was subsequently 

pipetted onto glass slides and dried in a fumehood.  

2.2.2 LESA-MS/MS 

LESA-MS/MS experiments were carried out using a TriVersa Nanomate 

(Advion Biosciences, Ithaca, NY) coupled to a Q-Exactive plus Orbitrap mass 

spectrometer (Thermo Fisher Scientific, Hemel Hempstead, UK). Acetonitrile, 

methanol, formic acid, and water were all purchased as MS-grade 

(CHROMASOLV) from Sigma-Aldrich (Gillingham, UK).  
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For surface analysis, the samples were placed on a universal plate holder 

(Advion Biosciences, Ithaca, NY) and scanned with an Epson V330 scanner. 

The sampling locations were selected from the scanned image in the LESA 

Points Software (Advion Biosciences, Ithaca, NY). Firstly, 3.0 µL of extraction 

solvent was aspirated from a solvent reservoir into a pipette tip. Then, 0.1 to 2.5 

µL solvent was dispensed onto the sample surface. After an incubation of 15 s, 

the extraction solvent containing extracted analytes was re-aspirated back to 

the tip and delivered to the MS for electrospray ionisation. In the direct infusion 

mode, 5 µL of solution was taken from a 96-well plate and delivered to the MS. 

The spray voltage was set to 1.5 kV with 0.6 psi gas pressure. Data were 

acquired for 1 or 2 min per polarity depending on the aim of the experiment 

using a mass scan range of m/z 70ī1050. The mass resolution was set to 

140,000 at m/z 200 for full MS scans and 17,500 at m/z 200 for MS/MS scans. 

For full MS, maximum injection was 200 ms with AGC target 3 × 10 6. For MS/MS 

acquisition, a stepped collision energy of 20, 30 and 40 eV were applied for 

fragmentation.  

2.2.3 Evaluation of Data Pre-processing Software 

The performance of LESA data pre-processing tools, including Compound 

Discoverer (version 3.1) and an in-house MATLAB script named LESA Align, 

were evaluated using data acquired from direct infusion experiments with 

metabolite standards mixture containing 103 known metabolites. The same 

peak picking and peak alignment parameters were applied in both software: 

mass range m/z 70 to 1050, threshold ion intensity 100,000, peaks aligned 

within 5 ppm mass tolerance, and no missing value imputation. In Compound 

Discoverer, chromatography parameters were required for using the peak 

picking function as the software is intended for chromatography MS data. To 

minimise the effects of chromatography filter on the peak picking results, the 
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lower and upper retention time limits were set to 0 min and 4 min, respectively. 

The retention tolerance for peaks was set to the maximal allowed value of 1 min. 

In Compound Discoverer, peak annotation was conducted by using Metabolika, 

ChemSpider and the built-in Predicted Compositions function, while in LESA 

Align, the peak list from the pre-processed data sheet were submitted to the 

Human Metabolome Database (HMDB) manually for further putative annotation. 

2.2.4 LESA Extraction Solvent Systems 

Six different extraction solvent systems were tested on rat brain tissue 

homogenate spots using a surface sampling method (methanol: water: formic 

acid 50:50:0.1, 65:35:0.1, and 80:20:0.1; acetonitrile: water: formic acid 

50:50:0.1, 65:35:0.1, and 80:20:0.1). 

2.2.5 LESA Sampling: Liquid Microjunction vs ñContactò LESA  

The effects of conventional liquid microjunction sampling and ñcontactò 

sampling were assessed on simulated brain tissue microarrays of various spot 

sizes (0.8 mm, 1.5 mm and 3.0 mm) (Figure 2.2). The sampling parameters 

used in these two approaches were summarised in Table 2.1. With LMJ 

sampling, dispensed solvent volume and dispense height were adjusted 

according to the TMA size and the distance between spots to ensure that the 

sampling area did not overlap with the adjacent spots. 

Table 2.1 Summary of LESA parameters used for LMJ and ñcontactò LESA sampling. 
Total solvent volume was 3 µL.  

TMA 
size / 
mm 

Sampling  sampling area D / 
mm 

Dispense 
/ µL  

Respirate / 
µL  

Dispense 
height / mm 

Re-aspirate 
height /mm 

3.0  ñContactò 0.8 1.5 2.0 - 0.8 - 0.8 

1.5  ñContactò 0.8 1.5 2.0 - 0.8 - 0.8 

0.8 ñContactò 0.8 1.5 2.0 - 0.8 - 0.8 

3.0 LMJ 3.0 1.5 2.0 0.2 0.2 

1.5  LMJ 1.5 0.1 0.5 0.4 0.2 

0.8  LMJ 0.8 0.1 0.5 0.6 0.4 
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Figure 2.2 LESA Nanomate uses pipette tips to automatically dispense extraction 
solvent onto the simulated tissue microarrays and form a stable liquid microjunction 
between the tip and the surface (a) 1.5 mm TMAs; (b) 0.8 mm TMAs. 

 

2.2.6 Data Dependant Acquisition in LESA-MS/MS 

In DDA, we focused on the optimisation of maximum injection time (ITmax) 

and ion population (AGC target) for MS2 scans to maximise the number of 

identified metabolites. In this optimisation experiment, an AGC target of 3 × 10 6 

and an ITmax of 200 ms were applied to all full MS scans (264). According to the 

recommended parameters used for proteomics studies using Q-Exactive MS, 

here we selected AGC target of 1 × 10 5, 5 × 10 5, and 1 × 106, and ITmax of 50 

ms, 80 ms, and 120 ms for MS2 scan assessment (265). 

2.2.7 OrbiSIMS: Cryogenic vs Ambient Conditions 

In depth profiling mode, a 20 keV Ar3000+ GCIB was operated in quasi-

continuous analysis mode with a cycle time of 200 ɛs on Q-Exactive HF Orbitrap 

MS. Mass calibration of the Q-Exactive instrument was performed prior to the 

analysis using silver cluster ions. The mass resolution was set to 240,000 at 

m/z 200. Data were collected at mass range m/z 75 ï 1125 from a FoV of 200 

× 200  ɛm with a resolution of 1 Ĭ 1 pixels acquired in sawtooth raster mode. 

Measurements shown were a sum of 50 to 100 scans depending on the sample 
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condition. For cryogenic analysis, the sample was cooled with a copper cooling 

finger to temperatures below -80ºC.  

2.2.8 Data Processing 

RAW. files of MS data from LESA-MS/MS experiments were converted 

to .mzXML format using ProteoWizard 

(https://proteowizard.sourceforge.io/index.html) (266). We used an in-house 

MATLAB (R2020a, The MathWorks, Inc., Natick, MA) script (available from 

https://github.com/jorismeurs/LESA_align) for peak picking and peak alignment 

(5 ppm m/z window)  (122,264). Features with more than 20% missing values 

were removed, and k-nearest neighbour (knn) imputation was used for zero 

filling for the remaining missing values (267). For OrbiSIMS, MS peaks were 

exported as .txt files from SurfaceLab and further processed in MATLAB as 

outlined above. 

Detected peaks were subjected to metabolite identification using the 

HMDB (https://hmdb.ca/). Ion adduct types used were [M+H]+, [M+H-H2O]+, 

[M+Na]+, [M+K]+ for positive ions and [M-H]- and [M-H-H2O]- for negative ions. 

The mass tolerance was set to 5 ppm. 

Prior to statistical analysis, the background peaks were removed, peak 

intensities were normalised to the total ion count (TIC). PCA was conducted 

using a MATLAB based software, PCA Bundle, for the LESA-MS data after log-

transformation and auto-scaling (268).  

2.3 Results & Discussion 

2.3.1 Data Pre-processing Software 

Typically, metabolomic experiments can generate large amount of data 

including more than thousands of metabolite peaks. It is important to pre-

process such complex datasets carefully prior to any further biological and 

https://github.com/jorismeurs/LESA_align
https://hmdb.ca/
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clinical interpretation. Because this step can have great impact on data quality, 

which can further affect metabolites identification and results interpretation. 

Although a large variety of software tools and methods have been developed 

for processing chromatography-based MS data (222,269), there are few tools 

available for processing metabolomics data from shotgun or surface mass 

spectrometry analysis.  

Table 2.2 Total number and percentage of total metabolite standards identified in 
Compound Discoverer v3.1 and LESA Align MATLAB R2020a. 

 
Positive mode 

(total 45) 
Negative mode  

(total 58) 

Compound Discoverer 26 (57.8%) 25 (43.1%) 

LESA Align MATLAB 36 (80.0%) 44 (75.9%) 

 

Here, we compared the capability of commercially available software, 

Compound Discoverer, and our in-house MATLAB tool, LESA Align, in detecting 

metabolite features. The raw data acquired from a solution containing 103 

metabolite standards were pre-processed by using each tool, respectively. As 

shown in Table 2.2, more than 75% metabolites in both polarities were 

recovered using LESA Align. In comparison, the numbers of identified 

metabolite standards in Compound Discover were lower, which was only 57.8% 

in positive mode and 43.1% in negative mode. This could be due to the 

requirement of setting chromatography parameters when using Compound 

Discoverer peak picking function where the maximum retention time tolerance 

of 1 minute was applied. Therefore, LESA Align was used subsequently in the 

latter experiments. 
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Table 2.3 The list of metabolites from the standard mixture that were identified by using 
Compound Discoverer (CD) (version 3.1) and LESA Align (R2020a). 

Pre-processing tools CD LESA 
Align 

Pre-processing tools CD LESA 
Align 

Metabolite name [M+H]+ Metabolite name [M-H]- 

Imidazole 69.0447 
  

Glyoxylate 72.9931 
 

V 

methylglyoxal 73.0284 
  

Glycolate 75.0088 
 

V 

Glycine 76.0393 
 

V (R)-Lactate 89.0244 V V 

Putrescine 89.1073 V V Glycerol 91.0401 
  

Cadaverine 103.1230 V V Phosphate 96.9696 
 

V 

Phenylhydrazine 109.0760 
  

Malonate 103.0037 V V 

1H-Imidazole-4-
ethanamine 

112.0869 V V 4-Hydroxybutanoic acid 103.0401 
 

V 

Creatinine 114.0662 V V L-2,3-Diaminopropanoate 103.0513 
  

L-Proline 116.0706 V V D-Glycerate 105.0193 V V 

Guanidinoacetate 118.0611 V V Fumarate 115.0037 V V 

Imidazole-4-acetate 127.0502 
 

V 3-Methyl-2-oxobutanoic 
acid 

115.0401 V V 

N-Acetylputrescine 131.1179 V V L-2,4-Diaminobutanoate 117.0670 
  

L-Leucine 132.1019 
 

V L-Threonine 118.0510 
 

V 

Glutarate 133.0495 
 

V D-Erythrose 119.0350 
 

V 

Spermidine 146.1652 V V pyrazinoate 123.0200 V V 

L-Lysine 147.1128 V V Taurine 124.0074 V V 

L-Methionine 150.0583 V V (S)-Malate 133.0143 V V 

Guanine 152.0567 
  

Adenine 134.0472 V V 

L-Rhamnose 165.0757 
  

Ethanolamine phosphate 140.0118 
 

V 

4-Aminobenzoate 166.0863 
 

V 2-Oxoglutarate 145.0142 
  

3-Methoxytyramine 168.1019 V V L-Glutamate 146.0459 V V 

Menadione 173.0597 
  

(R)-2-Hydroxyglutarate 147.0299 V V 

L-Arginine 175.1190 V V 3-Hydroxyphenylacetate 151.0401 V V 

Serotonin 177.1022 V V L-Histidine 154.0622 
 

V 

D-Glucosamine 180.0866 V V Orotate 155.0098 V V 

L-Methionine sulfone 182.0482 
 

V 2-Oxoadipate 159.0299 
  

5-Methoxytryptamine 191.1179 V 
 

L-2-Aminoadipate 160.0615 
 

V 

5-Hydroxyindoleacetate 192.0655 
 

V Acetylcysteine 162.0230 
 

V 

4-Aminohippuricacid 195.0764 V V 3-(3-Hydroxy-phenyl)-
propanoic acid 

165.0557 
 

V 

Dopamine 198.0761 
  

Phosphoenolpyruvate 166.9751 
 

V 

N-Acetyl-L-
phenylalanine 

208.0968 V V 3,4-
Dihydroxyphenylacetate 

167.0350 V V 

L-Cystathionine 223.0747 
 

V Pyridoxine 168.0666 V V 

Deoxyuridine 229.0819 
 

V Gallate 169.0142 V V 

O-Butanoylcarnitine 232.1543 V V L-Citrulline 174.0884 
 

V 

Melatonin 233.1285 V V 3-(4-
Hydroxyphenyl)pyruvate 

179.0350 
 

V 

Biopterin 238.0935 
 

V Mannitol 181.0718 
  

Cytidine 244.0928 
 

V 3,4-Dihydroxymandelate 183.0299 
 

V 

sn-Glycero-3-
Phosphocholine 

258.1101 V V 3-Phospho-D-glycerate 184.9857 
 

V 

Hexanoylcarnitine 260.1856 V V 1-Naphthylacetic acid 185.0608 V 
 

Thiamine 266.1196 
  

N6-Acetyl-L-lysine 187.1088 
  

Adenosine 268.1040 V V D-Gluconic acid 195.0510 V V 

Inosine 269.0880 V V 2-Methylcitrate 205.0354 V V 

2-Ethylhexyl phthalate 279.1591 V V MOPS 208.0649 V V 

5'-Methylthioadenosine  298.0968 V V D-Galactarate 209.0303 
 

V 

[FA (10:0)] O-decanoyl-
R-carnitine 

316.2482 V V Indoxylsulfate 212.0023 V V 

    
N-Acetyl-D-glucosamine 220.0827 

 
V 

    
D-Ribose 5-phosphate 229.0119 V V 

    
Uridine 243.0623 V V 

    
Pyridoxal phosphate 246.0173 

  

   
  Sorbitol 6-phosphate 261.0381 

 
V 
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Pre-processing tools CD LESA 
Align 

Pre-processing tools CD LESA 
Align 

Metabolite name [M+H]+ Metabolite name [M-H]- 

    
3-Methoxy-4-
Hydroxyphenylglycolsulfate 

263.0231 V V 

    
2,3-Bisphospho-D-
glycerate 

264.9520 
  

    
Phenolsulfonphthalein 353.0489 V V 

    
[ST hydrox] 3alpha,7alpha-
Dihydroxy-5beta-cholan-
24-oic Acid 

391.2854 
 

V 

    
ATP 505.9885 

  

    
GTP 521.9834 

  

    
NAD+ 662.1018 

  

    
CoA 766.1079 

  

 

 

2.3.2 Extraction Efficiency of LESA Sampling  

To estimate the metabolite extraction efficiency of LESA, we compared the 

detection of metabolite standards using a surface extraction approach for brain 

tissue homogenate spiked with metabolite standards and a direct infusion 

method of pure standards solution. We observed that in negative ion mode, all 

metabolites detected by direct infusion were also detectable using the surface 

extraction method. However, in positive mode, there were 16.7% of peaks 

detected with direct infusion were not found with the surface extraction method. 

The missing metabolites were glutarate (m/z 133.0495), 5-

hydroxyindoleacetate (m/z 192.0655), deoxyuridine (m/z 229.0819), biopterin 

(m/z 238.0935), hexanoylcarnitine (m/z 260.1856) and 2-ethylhexyl phthalate 

(m/z 279.1591). A number of factors could lead to the loss of these metabolites. 

For example, some compounds may require longer time to diffuse from tissue 

into the extraction solvent. But the droplet hold-time during which the liquid 

microjunction stays between the pipette tip and the surface is typically limited to 

a few seconds, as longer hold-time can lead to droplet becoming unstable and 

solvent spreading. Another possible explanation is the ñmatrix effectsò of tissue 

matrix (270). First of all, the physical properties and chemical complexity of 

tissue structure can affect the extraction of analytes from the tissue (205). 

Secondly, the ionisation of target molecules from tissue is affected by its 
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chemical environment and is subjected to ñion suppressionò or ñion 

enhancementò effects. In ESI, these effects are caused by co-existing 

molecules from the tissue competing for available charges and/or altering target 

analytesô affinity to the surface of ESI droplets (271,272). Metabolites that are 

dramatically affected by ion suppression effects may not be efficiently ionised, 

therefore, fall below the detection threshold.  

2.3.3 Matrix Effects 

To better understand how brain tissue matrix affect the ionisation of target 

metabolites, we compared the ion signals of metabolite standards extracted 

from organic solvent and tissue homogenate. In general, matrix effects did not 

show a drastic effect on metabolites detected in positive mode (Figure 2.3a). 

The metabolites that showed noticeable difference in intensities were glycine 

and 4-aminobenzoate. Both metabolites presented higher signals from spiked 

tissue samples, which could also be due to their high abundance in brain as 

endogenous metabolites. According to literature, glycine is an essential 

neurotransmitter in brain with significant concentrations and participates in 

many metabolic activities such as one-carbon metabolism and biosynthesis of 

protein (273). In contrast, most metabolites in negative ion mode had 

significantly reduced signal intensity from spiked tissue homogenates compared 

to organic solvent (Figure 2.3b). This indicates a potentially high ion 

suppression effect of the brain tissue matrix on the target metabolites in 

negative polarity. Interestingly, a previous LESA study pointed out that rat brain 

tissue matrix displayed minimal matrix effects compared to other organs such 

as small intestine, liver, and lung (270). 
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Figure 2.3 Comparison of normalised intensities of metabolite standards detected in 
the pure organic solvent with direct infusion (control) and the spiked tissue 
homogenates by surface extraction. In general, more significant ñmatrix effectsò were 
seen in metabolites detected in negative ion mode, where many metabolites from spiked 
tissue showed reduced ion signals compared to those from the organic solvent. 

 

2.3.4 Optimisation of LESA-MS/MS Method 

The LESA instrument is also known as Advion NanoMate chip-based 

infusion nanoESI system. It uses robotically operated pipette tips to dispense 
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extraction solvent to the probed surface area, and subsequently re-aspirate the 

solvent containing extracted analytes for ESI in a MS. Analyte extraction 

depends on various factors including the properties of tissue surface, the 

physiochemical properties of extraction solvent, and the sampling method 

applied (liquid microjunction or ñcontactò LESA sampling). Here, we first 

compared different extraction solvent systems and optimised the sampling 

parameters in order to achieve highest metabolite coverage and optimal signal 

by using rat brain tissue homogenates. 

2.3.4.1 LESA Extraction Solvent 

Acetonitrile and methanol are the most commonly used organic solvents in 

liquid extraction based metabolomic studies (157,257,258,274). Here, we 

evaluated the suitability of different extraction solvent systems including 

acetonitrile: water: formic acid (50:50:0.1), acetonitrile: water: formic acid 

(65:35:0.1), acetonitrile: water: formic acid (80:20:0.1), methanol: water: formic 

acid (50:50:0.1), methanol: water: formic acid (65:35:0.1), and methanol: water: 

formic acid (80:20:0.1) (144,156,157,257,258,274). Other sampling and 

instrument parameters remained constant throughout the experiment. The 

highest numbers of detected ions (Figure 2.4) and annotated metabolites 

(Figure 2.5) were seen with acetonitrile: water: formic acid (65:35:0.1) and 

methanol: water: formic acid (80:20:0.1). 
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Figure 2.4 Number of detected ions from rat brain tissue homogenate spot with different 
solvent systems. The highest number of ions were detected with MeOH:H2O:FA 
80:20:0.1 or ACN:H2O:FA 65:35:0.1. MeOH: methanol. ACN: acetonitrile. FA: formic 
acid. 

Positive ions Negative ions

300

400

500

600

700

P
u
ta

ti
v
e
 A

n
n
o
ta

ti
o
n
s

ACN:H2O:FA 50:50:0.1

ACN:H2O:FA 65:35:0.1

ACN:H2O:FA 80:20:0.1

MeOH:H2O:FA 50:50:0.1

MeOH:H2O:FA 65:35:0.1

MeOH:H2O:FA 80:20:0.1

 

Figure 2.5 Number of annotated metabolites detected with different extraction solvent 
systems. The highest number of putatively annotated ions were seen with extraction 
solvent MeOH:H2O:FA 80:20:0.1 or ACN:H2O:FA 65:35:0.1. MeOH: methanol. ACN: 
acetonitrile. FA: formic acid. 

 

The box plots showed that the overall ion intensities were improved with 

the methanol-based extraction solvents in comparison to the acetonitrile-based 

solvents. The performance of different solvent systems was more comparable 

in negative mode (Figure 2.6). 
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Figure 2.6 Box plots show the ion intensity distribution. Ions from the substrate and 
extraction solvent were removed. Y-axis shows normalised (to TIC) and log-transformed 
intensity values. (a) Positive ion mode. (b) Negative ion mode. MeOH: methanol. ACN: 
acetonitrile. FA: formic acid. 

 
Comparing the percentage of each adduct type in total annotated 

metabolites, we discovered that the composition of tested solvents did not have 

a drastic effect on adduct formation in general. But interestingly, we noticed that 

a higher percentage of sodium adducts were formed with methanol-based 

solvents (27.3%) compared to acetonitrile (24.9%). On the contrary, slightly 

more potassium adducts were formed with acetonitrile-based solvents (27.3%) 

in comparison with methanol (26.0%) (Figure 2.7). 
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Figure 2.7 Percentage of adduct types in total annotated metabolites with different 
extraction solvent compositions. MeOH: methanol. ACN: acetonitrile. FA: formic acid. 

 
 

Comparing the normalised intensities of metabolite ions (background 

subtracted) from two best performed solvent systems (i.e., acetonitrile: water: 

formic acid 65:35:0.1 and methanol: water: formic acid 80:20:0.1), it was found 

that the latter showed improved signals in 74.3% positive ions and 69.7% 

negative ions. Among all detected ions, 14.6% positive ions and 16.0% negative 

ions had more than 50% increase with methanol: water: formic acid 80:20:0.1 

compared to acetonitrile: water: formic acid 65:35:0.1. The most significant 

differences were observed in lipid classes (Figure 2.8). A possible explanation 

is that the higher percentage of organic solvent can facilitate the extraction of 

molecules that are less polar, such as fatty acids (275). In other main chemical 

classes including amino acids and aromatic compounds, the effects of these 

two extraction solvent systems on ion intensities were less significant (Figure 

2.9-2.10).  
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Figure 2.8  Normalised ion intensity of selected lipid ions from rat brain tissue 
homogenates extracted by MeOH:H2O:FA 80:20:0.1 or ACN:H2O:FA 65:35:0.1 (n = 3). 
MeOH: methanol. ACN: acetonitrile. FA: formic acid. 
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Figure 2.9 Normalised ion intensity of selected ions of amino acids from rat brain tissue 
homogenates extracted by MeOH:H2O:FA 80:20:0.1 or ACN:H2O:FA 65:35:0.1 (n = 3). 
MeOH: methanol. ACN: acetonitrile. FA: formic acid. 
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Figure 2.10 Normalised ion intensity of selected ions of aromatic compounds from rat 
brain tissue homogenates extracted by MeOH:H2O:FA 80:20:0.1 or ACN:H2O:FA 
65:35:0.1 (n = 3). MeOH: methanol. ACN: acetonitrile. FA: formic acid. 

 

Overall, we achieved optimal extraction by using solvent methanol: water: 

formic acid 80:20:0.1 determined by metabolite coverage and ion intensity, 

which was applied in our future experiments. 

Formic acid is often added into the extraction solvent to facilitate ionisation 

by donating protons. Typically, 0.1% formic acid was seen in studies of small 

molecules (e.g., drug compounds) and metabolites (258,276,277). Some 

studies also reported higher concentration such as 1% formic acid for metabolite 

profiling (217). However, it is more often seen in studies of lipids and proteins 

in order to form multiply charged ions (195,278). When investigating the 

influence of concentration of formic acid on metabolite detection, it was 

discovered that higher numbers of detected ions and annotated metabolites 

were seen with 0.1% formic acid compared to 1% formic acid when the same 

feature detection parameters were applied (Figure 2.11). 
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Figure 2.11 Higher numbers of total ions and annotated metabolites were detected with 
0.1% compared to 1% formic acid in methanol:water 80:20 (v/v). 

 

2.3.4.2 LESA Sampling: Liquid Microjunction vs ñContactò LESA 

The conventional sampling method is to form a LMJ between the pipette 

tip and the sample surface (180). But the user can also bring the pipette tip 

further down to come in contact with the surface (187,188). This ñcontactò 

sampling strategy can be useful under many circumstances, such as analysing 

a defined area smaller than or close to the diameter of the pipette tip. It is 

because that the solvent will be confined to the diameter of the pipette tip (about 

0.85 mm), therefore avoid irregular spreading (Figure 2.12) (279). With LMJ, 

the observed size of sampling areas on rat brain tissue homogenates in our 

experiments ranged from 1.5 ï 3.0 mm depending on the dispense height, 

solvent composition, and the dispense volume.  

 

Figure 2.12 Conventional liquid microjunction and ñcontactò LESA sampling. 
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Here, we evaluated the effects of LMJ and ñcontactò sampling methods on 

sensitivity, signal intensity and within-group variations using simulated rat brain 

TMAs of different diameters (D = 0.8 mm, 1.5 mm, 3.0 mm. n = 10). As outlined 

in the method section, LESA parameters were adjusted for different TMA sizes 

to ensure that a stable microjunction was formed with the LMJ approach and 

the sampling area did not overlap with the adjacent spots. It was observed that 

higher total ion count (background subtracted) and number of detected ions 

were seen in the LMJ groups compared to the ñcontactò LESA group in all TMA 

sizes (Figure 2.13). A more significant difference was observed in the 3.0 mm 

group compared to the 1.5 mm and 0.8 mm groups, which was likely due to the 

vastly different sizes of sampling areas. Since LMJ was able to cover a larger 

tissue region, it enabled the detection of metabolites at low concentration and 

improved the overall signals. Interestingly, it was noticed that in the 0.8 mm 

TMA group where the sampling areas were similar between LMJ and ñcontactò 

methods, still many more ions were detected with LMJ sampling. It indicated 

that besides the benefits of larger sampling area, LMJ could provide higher 

sensitivity than ñcontactò sampling through a more efficient extraction 

mechanism. A possible explanation is that compared to the sealed environment 

in ñcontactò LESA, the open environment of LMJ allows the metabolites to 

diffuse into the organic solvent more efficiently.  
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Figure 2.13 Total ion count (background ions removed) from simulated rat brain TMAs 
(diameter of 0.8 mm, 1.5 mm, and 3.0 mm) in (a) positive and (b) negative mode. The 
number of detected peaks in (c) positive and (d) negative mode. 

 

A previous work carried out with the ñcontactò LESA method pointed out 

that another potential undesired effect was electrospray instability (188). While 

ñcontactò LESA could physically disrupt the insoluble layer in the extracellular 

matrix, it increased the possibility of nozzle blocking. This observation was in 

line with our results from PCA analysis (Figure 2.14) and the evaluation of 

standard deviations (Table 2.4). 

The PCA plots (Figure 2.14) showed better clustering of the tissue 

homogenate samples with LMJ sampling compared to ñcontactò LESA. This 

difference between the two sampling methods decreased as TMA diameters 

reduced from 3.0 mm to 1.5 mm. This was possibly due to the increased 

difficulty in forming a stable LMJ on extremely small microarray samples.  
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Figure 2.14 PCA plots show clustering of metabolites detected with standard LMJ and 
ñcontactò sampling. (a) 3.0 mm TMAs. (b) 1.5 mm TMAs. (c) 0.8 mm TMAs. Low-level 
data fusion was applied to combine the intensity data from both positive and negative 
ions. 
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However, when the TMA size was further reduced to 0.8 mm, significantly 

improved clustering was observed with LMJ approach again. A possible 

explanation was that when the sample size was close to or smaller than the 

pipette tip diameter, it became more difficult to accurately probe the sampling 

location. The LESA instrument defines the sampling location from a universal 

adapter plate. Each sampling spot on the plate has its designated X and Y 

location with a diameter similar to the pipette tips (blue circles). When the TMAs 

(yellow circles) are too small, the samples may locate partially on the sampling 

ñblind spotò where the pipette tip may not be able to fully cover (Figure 2.15). 

This issue could be avoided with LMJ as the sampling area can exceed the 

pipette tip diameter limit. 

 

Figure 2.15 LESA instrument defines the accurate sampling location from the universal 
adapter plate. Each sampling spot has its designated X and Y location with a diameter 
similar to the pipette tips (blue circles). When the TMAs (yellow circle) are small, it is 
likely to locate partially on the sampling ñblind spotò where ñcontactò LESA might not be 
able to sample accurately. 

 

Similar to the PCA results, the average relative standard deviations (RSD) 

of signal intensities from all detected ions showed smaller within-group 

variations in LMJ compared to ñcontactò LESA groups (Table 2.4). The 

difference in RSD reduced when TMA size decreased from 3.0 mm to 1.5 mm, 

but increased when its size further reduced to 0.8 mm. 
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Table 2.4 Comparison of average relative standard deviations of signal intensities from 
all detected ions between ñcontactò LESA and LMJ sampling. 

TMA size No. of ions Average RSD (%) 
ñContactò LESA 

Average RSD (%) LMJ 

3.0 mm 427 46.389 21.751 
1.5 mm 284 49.216 38.200 
0.8 mm 125 57.470 32.202 

 

In summary, LMJ sampling is a more suitable method in general that can 

provide higher metabolite coverage and smaller within-group variation 

compared to ñcontactò LESA. Nonetheless, when the sample size reduces, the 

benefits of LMJ sampling become less significant until the TMA is as small as 

about 0.8 mm. It is also worth mentioning that small TMAs are often closely 

located to each other. Therefore, it is important to ensure that the risk of solvent 

spreading is minimal when using LMJ sampling. Otherwise, it is recommended 

that ñcontactò LESA should be applied instead.  

The results from this section can also be applied to guide the construction 

of TMA samples for cancer research in the future. As small diameter such as 

0.6 mm is commonly used for building tumour TMAs in clinical practice, it is not 

ideal for LESA-MS/MS analysis. Therefore, when sufficient tissue is available, 

it would be beneficial to construct TMA with a lager core size (e.g., Ó 1.5 mm).  

2.3.3.3 Repeat Sampling Cycle with LESA 

To compensate for the relatively low sensitivity offered by ñcontactò 

sampling, the user may activate the repeat sampling option in the LESA 

software to allow the pipette to dispense extraction solvent, extract analytes and 

re-aspirate solvent from the same sample multiple times. Increased numbers of 

annotated ions were observed when this option was activated in our ñcontactò 

LESA experiments (Figure 2.16). The highest number of ions were detected 

using the 2 repeats options.  
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Figure 2.16 Repeating the dispense and re-aspirate cycle can increase the number of 
detected ions and putatively annotated metabolites (n = 3). 

 

2.3.4.3 Data Dependent Acquisition in LESA-MS/MS 

LESA coupled to Q-Exactive plus MS provides an opportunity of data 

dependent acquisition (DDA) for on-line MS/MS data acquisition in parallel to 

full-scan metabolite profiling. In DDA mode, the most intense metabolite ions 

from a full MS scan are selected for fragmentation (265). It can provide useful 

chemical structure information and offer improved confidence in metabolite 

annotation in untargeted metabolomics (280). Here, we focused on the 

optimisation of maximum injection time (ITmax) and ion population (AGC target) 

for MS/MS scans during DDA to maximise the number of identified metabolites. 

In this experiment, AGC target 3 × 10 6 and ITmax 200 ms were applied to all full 

MS scans (264). According to the recommended parameters used for 

proteomics studies using Q-Exactive MS, we selected AGC target of 1 × 10 5, 5 

× 10 5, and 1 × 10 6, and ITmax of 50 ms, 80 ms, and 120 ms for MS2 scan 

assessment (265). Our results show that the combination of AGC target of 1 × 

105
 and ITmax of 50 ms, or AGC target of 1 × 10 6

 and ITmax of 80 ms provided the 

highest number of MS2 identified metabolites using mzCloud database (Table 

2.5). However, the quality of full MS data was compromised when longer ITmax 

was applied for MS/MS scans, which was indicated by the reduced number of 
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detected full MS peaks. It is because that longer ITmax leads to prolonged scan 

cycle when AGC target is not met, which results in less data points collected for 

full MS. Therefore, taking account of both MS/MS and full MS data quality for 

annotation and multivariate analysis, AGC target 1 × 10 5
 and 50 ms ITmax is 

suggested to be used in the future experiments. However, when we solely focus 

on structure-based compound identification with LESA-MS/MS, high MS/MS 

AGC target such as 1 × 10 6 and relatively longer ITmax (80 ms or 120 ms) may 

be applied. 

Table 2.5 Data obtained with MS/MS settings: AGC target of 1 × 10 5, 5 × 10 5, and 1 × 
106; and ITmax of 50 ms, 80 ms, and 120 ms. 

AGC 
target 

ITmax / 
ms 

Reach maximum IT? # Identified 
metabolite 

# of full MS and 
MS/MS scans (n = 3) # full MS peaks 

Positive Negative Positive Negative 

1 × 10 5 

50 Yes Yes 98 1097.0 988.0 1475 

80 No Yes 92 986.0 835.7 1267 

120 No Yes 86 893.7 684.7 1229 

5 × 10 5 

50 Yes Yes 68 1030.0 985.7 1447 

80 Yes Yes 81 875.7 814.0 978 

120 No Yes 80 727.3 646.7 1075 

1 × 10 6 

50 Yes Yes 92 1012.0 985.7 1065 

80 Yes Yes 105 850.0 808.3 1251 

120 Yes Yes 95 689.0 645.3 1062 

 

2.3.5 OrbiSIMS Method Development 

2.3.5.1 Sample Substrates 

Although theoretically, conductive substrates, such as indium tin oxide (ITO) 

coated slides, are considered most suitable for SIMS analysis as it can mitigate 

the ñcharging effectsò (259), it may not always be accessible in the real-world 

settings. For instance, regular non-conductive glass slides are the substrate that 

is routinely used for FFPE tumour tissue prepared in the hospital. Also, it would 

be impractical to use ITO slides for large batch preparation due to its high cost 

(£14.8 - £18.5 per slide according to Sigma Aldrich). Therefore, we evaluated 
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the suitability of non-conductive slides as OrbiSIMS substrate by comparing the 

signal intensities of metabolite ions from rat brain tissue homogenate placed on 

non-conductive substrates and ITO coated substrates (n = 3). Our data showed 

that only 5.4% of positive ions and 2.5% of negative ions had increased signal 

by more than five-fold. Interestingly, many ions appeared to have a higher signal 

from the non-conductive substrate (Figure 2.17). This indicates that despite 

some improvement with ITO slides on certain ion species, the standard non-

conductive slide allowed us to acquire similar quality of data from biological 

samples. 

 

Figure 2.17 Fold increase in normalised intensity with ITO substrate compared to non-

conductive glass slide. A total of 277 out of 684 positive ions and 100 out of 282 negative 

ions showed increased signal when ITO substrate was used. But only 37 positive ions 

(5.4%) and 7 negative ions (2.5%) had > 5 fold increase. 
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2.3.4.2 Cryogenic and Room Temperature OrbiSIMS Analysis  

Besides room temperature (RT) analysis, OrbiSIMS provides an option of 

analysing samples at cryogenic temperature (stage temperature between -150 

ęC to -170ęC). Comparison of OrbiSIMS spectra acquired in negative mode 

showed the presence of many peaks detected in cryogenic but not under RT 

condition. A few ions at m/z < 200 had higher signal at ambient temperature. 

The putative annotations according to SurfaceLab and HMDB indicated that 

they were related to taurine and aspartic acid salts (Figure 2.18). 

  

Figure 2.18 Orbitrap spectra in negative mode acquired in cryo- and RT conditions from 
rat brain tissue homogenate. (a)-(d) At mass range m/z 200-950, the overall intensity 
and number of ions were higher in cyro-OrbiSIMS compared to RT OrbiSIMS.  (e)-(f) At 
mass range m/z 120-175, the overall intensities were similar. Peaks correspond to 
taurine and aspartic acid salts showed elevated intensity at RT temperature. 
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Our peak picking results showed that 1654 out of 3335 ions (49.6%) could 

be detected under both conditions (Figure 2.19). Among the common ions, a 

total of 222 ions in cryogenic and 118 ions at RT temperature had increased 

signals by more than fivefold, respectively (Figure 2.20). It is noteworthy that 

some ions showed higher signals under RT condition. One possible explanation 

is that in RT analysis, the tissue sample was freeze dried, therefore, analytes 

from the sampling areas became concentrated, which resulted in higher signal 

intensities. For the same reason, Zhang  et al. described that the quinolone 

signal from the biofilm only became detectable after a freeze drying process 

(216). In other cases, the presence of water during cryogenic analysis may have 

ñmatrix enhancementò effects on ionisation and yield improved signals (281). 

 

Figure 2.19 Number of detected ions (negative mode). The patched areas represent 
common ions from both cryogenic and RT mode. 

 

 

Figure 2.20 Number of ions with different fold increase/decrease of normalised intensity 
(cryogenic/RT). 
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However, on the contrary to the result from Zhang  et al., there was no 

strong correlation between the signal enhancement/reduction ratio 

(cryogenic/RT) and LogP values of annotated ions from the rat brain tissue 

sample (Figure 2.21).  

 

Figure 2.21 Scatter plot of the signal enhancement/reduction ratio (cryogenic/RT) with 
the XLogP values for selected metabolite classes. 

 

The exclusive ions from either condition were putative annotated using 

HMDB. At mass range m/z > 400, a higher number of annotated ions were seen 

in cryogenic than in RT, and 69.5% of these ions correspond to lipids and lipid 

fragments. Differently, at RT temperature, lipid peaks were seen mainly at mass 

range m/z 300 ï 400 where 87.1% annotated ions correspond to lipids. However, 

in cryogenic condition, only a few annotated ions were detected at this mass 

range. At m/z 200 ï 300, the most abundant class of annotated ions in the 

cryogenic analysis was amino acids and derivatives (31.8% relative abundance) 

while in the RT analysis it was lipids and lipid fragments (33.3% relative 

abundance) (Table 2.6). These findings are in agreement with another 

cryogenic OrbiSIMS study of hydrocarbons from latent fingerprint. It reported 

that many more detected features correspond to fatty acids and their derivatives 

were seen in cryogenic condition at a higher mass range (m/z > 500) but the 

higher number of low-mass ions was detected in the RT analysis (260). It was 
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presumably because that the semi-volatile molecules that could not survive the 

high vacuum in OrbiSIMS become less volatile at cryogenic temperature, 

therefore, became detectable. The large number of lipid ions in the RT analysis 

were likely to be lipid fragments caused by the high energy primary ion beam 

employed. On the other hand, the presence of water in the sample at the 

cryogenic condition may contribute to the reduction of fragmentation by 

absorbing the excessive energy from the ion beams (282).  

Table 2.6 The number of exclusive ions from cryogenic and RT OrbiSIMS and the top 
3 most abundance metabolite classes of exclusive ions at each mass range and their 
percentages. 

m/z range 75-200 200-300 300-400 400-1125 

Cryo 
OrbiSIMS 
(M-H2O-H: 
86, M-H: 80) 

78 ions 44 ions 8 ions 36 ions 

Amino acids and 
analogues 18.4% 

Amino acids 
and 
analogues 
31.8% 

Lipids and lipid 
fragments 
50.0% 

Lipids and lipid 
fragments 
69.5% 

Heteroaromatic 
compounds 
15.8% 

Heterocyclic 
compounds 
9.0% 

Polycyclic 
aromatic 
compounds 
37.5% 

Amino acids 
and analogues 
5.6% 

Polycyclic 
aromatic 
compounds 
13.8% 

Polycyclic 
aromatic 
compounds 
6.8% 

Heterocyclic 
compounds 
9.0% 

Carbohydrates 
and 
carbohydrate 
conjugates 
5.6% 

RT 
OrbiSIMS 
(M-H2O-H: 
74, M-H: 84) 

72 ions 42 ions 23 ions 21 ions 

Amino acids and 
analogues 19.4% 

Lipids and 
lipid 
fragments 
33.3% 

Lipids and lipid 
fragments 
87.1% 

Lipids and lipid 
fragments 
95.2% 

Benzenoids 
16.7% 

Heterocyclic 
compounds 
14.3% 

Benzenoids 
4.3% 

Amino acids 
and analogues 
4.8% 

Carboxylic acids 
and derivatives 
9.7% 

Benzenoids 
9.5% 

Heteroaromatic 
compounds 
4.3% 

  

 

Further investigation of metabolite class breakdown showed that non-polar 

metabolites such as benzenoids can be predominantly detected with RT 

OrbiSIMS, but cryogenic analysis offered better detection of polar metabolites 

such as  amino acids, peptides and  their analogues (Figure 2.22).  

Overall, cryogenic OrbiSIMS provides several benefits for the analysis of 

biological samples, including less fragmentation, signal enhancement for many 



76 
 

metabolite species, and improved detection for semi-volatile molecules. 

Including both cryogenic and RT analysis in routine OrbiSIMS metabolic 

profiling can potentially enrich the biological information we get from any 

precious tissue samples. 

 

Figure 2.22 For all exclusive ions, metabolite classes as described in HMDB was 
obtained to identify the classes that were most predominantly detected in either 
technique. 

 
2.4 Conclusion 

Here, we described a comprehensive method development for both LESA-

MS/MS and OrbiSIMS for untargeted metabolomics using brain tissue.  

In LESA-MS/MS, we first evaluated two data pre-processing tools, 

Compound Discover and in-house Matlab script LESA Align. LESA Align was 

found to be more efficient in picking known metabolite ions present in pure 

standards from the raw data. Secondly, the extraction efficiency of surface 

sampling was evaluated by comparing it to the direct infusion method. Thirdly, 

we found that extraction solvent system methanol:water:formic acid 80:20:0.1 

(v/v/v) could offer the highest ion signals and metabolite coverage compared to 
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other common solvent systems reported in literature. Therefore, it was used in 

the subsequent experiments. Furthermore, two sampling approaches (i.e., 

liquid microjunction sampling and "contactò LESA) was compared in simulated 

TMAs of different diameters. We discovered that the conventional liquid 

microjunction sampling allowed for the detection of higher number of 

metabolites with smaller variations between identical samples in general. 

However, ñcontactò LESA can be a useful method under certain circumstances 

such as when solvent spreading is inevitable. Finally, we optimised MS/MS 

settings and suggested that AGC target 1 × 10 5
 and 50 ms ITmax or AGC target 

1 × 10 6 and 80 ms ITmax may be applied considering both the number of 

metabolites identified by MS/MS and full scan quality. 

In OrbiSIMS, we focused on the evaluation of sample substrates 

(conductive ITO slide and regular non-conductive slide) and analysis 

temperature (RT and cryogenic), and their effects on metabolic profiling. 

Comparing the quality of metabolomic data acquired from brain tissue placed 

on ITO and non-conductive slides, we did not observe a significant difference in 

overall ion signals. Non-conductive slides that are routinely used in clinic 

practice can be a suitable substrate for future OrbiSIMS analysis. Comparing 

the data from RT and cryogenic analysis, we discovered that both conditions 

allowed the identification of many exclusive metabolite ions. It is noteworthy that 

cryogenic temperature offered benefits such as reducing fragmentation and 

improving the detection of volatile compounds. 

This chapter aims to improve our current understanding of the effects of 

different analytical conditions on metabolic profiling, which offers guidance for 

the selection of suitable approaches in the subsequent studies. However, there 

is no ñone-size-fits-allò method. Further optimisation and extra consideration are 
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still required when analysing different sample formats for specific research 

purposes. 
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Chapter 3 Untargeted Metabolomic Characterisation 

of Glioblastoma Intra-tumour Heterogeneity using 

OrbiSIMS and LESA-MS/MS 

Work presented in this chapter has been published in the following journal article  

He, W.; Edney, M.K.; Paine, S.M.L.; Griffiths, R.L.; Scurr, D.J.; Rahman, R.; Kim, D. 

Untargeted Metabolomic Characterization of Glioblastoma Intra-Tumor Heterogeneity 

Using OrbiSIMS. Anal. Chem. 2023, 95 (14), 5994ï6001. 

https://doi.org/10.1021/acs.analchem.2c05807. 

Kim, D., Rahman, R., Griffiths, R.L., and He, W. planned and coordinated the work. He, 

W. and Edney, M.K. conducted OrbiSIMS analysis. He, W conducted LESA-MS/MS 

analysis. Paine, S.M.L. conducted histopathological assessment. All authors aided in 

interpreting the analytical data. He, W. wrote the manuscript and all authors helped in 

its edits. 

 

3.1 Introduction  

Isocitrate dehydrogenase wild-type (IDH WT) GBM is the most common 

and aggressive malignant brain tumour in adults with a global incidence rate of 

2.9 - 10.4 cases per 100,000 person-years (283ï287). Current standard of care 

includes maximum safe surgical removal, followed by a standardised regimen 

of temozolomide chemotherapy and radiotherapy (288,289). Despite 

multimodal treatment, the overall median survival of GBM patients is less than 

24 months from first diagnosis and less than 12 months from recurrence (4,289ï

291).  

Accumulating evidence indicates that the degree of tumour heterogeneity 

is a key contributor to tumour recurrence and treatment failure (292ï294). As 

discussed in Chapter 1, intra-tumour heterogeneity plays an important role in 

treatment resistance in GBM patients (31,32,295,296). Individual tumours 

contain cancer cells that can survive the initial treatment and inevitably re-grow 

into a recurrent tumour that has become resistant to the available therapies 

(290). Another important layer of GBM intra-tumoral heterogeneity is the spatial 

heterogeneity characterised by various histological features (e.g., 

microvascular proliferation and pseudopalisading necrosis) within the tumour 

https://doi.org/10.1021/acs.analchem.2c05807
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microenvironment (297).  These microenvironmental niches play an important 

role in the growth, maintenance, and protection of cancer cells by exhibiting 

communication centres within the tumour (37). A systematic understanding of 

GBMôs molecular heterogeneity as it relates to different tumour niches can help 

tackle the challenge of tumour recurrence and potentially open more 

opportunities for drug design that can effectively target multiple tumour cell 

subpopulations. 

However, few studies have described metabolic intra-tumour heterogeneity 

in GBM so far, possibly due to the lack of suitable analytical techniques. 

Recently, Gularyan  et al. employed a time-of-flight secondary ion mass 

spectrometry (ToF-SIMS) method to differentiate morphologically distinct 

regions within a GBM based on the detected secondary ions (298). Detailed 

information of altered metabolism was nonetheless not provided due to 

excessive fragmentation of analytes during ionisation and limited mass 

resolving power of the ToF analyser of SIMS instruments (m/ȹm Ḑ10000) (299), 

whichmakes it impossible to precisely identify the original molecule that gave 

rise to the corresponding secondary ions. A solution to these inherent 

drawbacks of ToF-SIMS is the OrbiSIMS technique as outlined in detail in 

Chapter 1 (158). This instrument combines traditional ToF-SIMS with Orbitrap 

MS. The Orbitrap analyser increases the instrumentôs mass resolving power to 

240,000 at m/z 200, which significantly improves the confidence in ion 

annotation with accurate masses. The technique also employs an argon gas 

cluster ion beam (GCIB) which is capable of liberating whole molecules from 

samples due to reduced analyte fragmentation compared with liquid metal ion 

guns (LMIG) traditionally used in ToF-SIMS, making it particularly applicable to 

biological materials.(158) 
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In the previous chapter, we presented method optimisation and 

comparison of analytical conditions for OrbiSIMS and LESA-MS/MS to ensure 

that optimal quality of metabolomic data can be acquired. In this study, 

OrbiSIMS was applied to perform in situ metabolic profiling from regions of 

interest in GBM tissue samples because of its capability of targeting small 

defined areas (as small as a few micrometres) with minimal sample preparation 

(158). This feature is important for this study because some microenvironmental 

niches had a diameter of only a few hundred micrometres and may locate 

closely to a different histological region. For this reason, LESA was not suitable 

as its minimal sampling size is the diameter of its pipette tips, which is 

approximately 0.85 mm (184). Also, restrained by the size of regions of interest, 

it would be extremely challenging to carry out sample preparation to dissect 

each histological region for the metabolite pre-extraction, which is required by 

conventional LC-MS based metabolomics methods.  

In the end, acquiring structural information through MS/MS experiments is 

an important way to confirm the identity of annotated metabolites (300). Despite 

the MS/MS capability, confirming metaboliteôs structure using OrbiSIMS appear 

to be challenging as the fragment ions of metabolites of interest could not be 

observed. To complement this, we employed LESA to acquire MS/MS data for 

the important metabolites discovered by OrbiSIMS. As described in the previous 

chapter, LESA is a sampling technique extracting metabolites directly from the 

tissue surface by forming a liquid microjunction with organic solvents. Different 

from the SIMS ionisation mechanism, LESA ionises molecules through 

electrospray (ESI), which is considered as a ñsoftò ionisation process that mostly 

generates ions of intact molecules (180). The relatively large sampling area of 

LESA with liquid microjunction sampling (2 - 3 mm of diameter) also contributes 

to high sensitivity that allows for the identification of metabolites at low 
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abundance. Besides, LESA-MS/MS allows for easy interpretation of MS/MS 

data as a majority of MS/MS databases are based on ESI data. 

3.2 Aim and Objectives 

The aim of this chapter is to apply the developed metabolomic method to 

study cancer metabolism related to different microenvironmental niches in GBM 

and discover ubiquitous pathways that play an essential role in multiple cancer 

cell sub-populations. Eventually, this could contribute to the development of a 

new technology for predicting GBM microenvironment and the discovery of 

effective novel treatments that prevent tumour recurrence. 

To achieve this, firstly, we conducted a method development experiment 

to compare different modes of operation within OrbiSIMS (e.g., different primary 

ion beams, analysers, imaging or depth profiling mode), and determine the most 

suitable method for acquiring metabolomic data. 

Secondly, as a part of the proof-of-principle study, we evaluated whether 

the OrbiSIMS-based untargeted metabolomics approach allowed for 

differentiating tumour niches using GBM samples from a single patient. 

Thirdly, we applied the developed method to a larger patient cohort in a full 

study for a more comprehensive understanding of cancer metabolism. We 

confirmed the presence of discovered significant metabolites by using LESA-

MS/MS to acquire chemical structure information, which could not be achieved 

by OrbiSIMS. 

3.3 Materials and Methods 

3.3.1 Sample Preparation 

FFPE tissue archives stored in a hospital for five to seven years from a total 

of five IDH TW GBM patients were used in this study. Haematoxylin and eosin 

(H&E)-stained sections were examined by a neuropathologist at Nottingham 
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University Hospital. This project was approved by the National Research Ethics 

Committee (NRES Committee East Midlands) and the granted Ethics Reference 

Number was 11/EM/0076. Histologically heterogeneous tumours that contained 

necrotic, viable, and non-cancerous cells (normal brain) regions were chosen 

for this study. 4 µm sections were cut from the tumour block. The FFPE sections 

were deparaffinised prior to the OrbiSIMS analysis using a protocol adapted 

from Meurs  et al. (217). Each section was washed in xylene for 1 min and 

repeated once in fresh xylene. The deparaffinised tissue section was left drying 

in a fume hood for at least an hour prior to the analysis (Figure 3.1). 

 

Figure 3.1 Schematic workflow of FFPE sample preparation. GBMs are removed from 
the patients, then subsequently fixed with formalin and embedded in paraffin for long 
term storage. A tissue section is H&E stained for histology assessment. The samples 
for mass spectrometry analyses are sectioned and dewaxed. 

 

3.3.2 OrbiSIMS Depth Profile Analysis 

Prior to analyses, the Orbitrap analyser was calibrated with silver cluster 

ions using Bi3+ LMIG. To acquire depth profiles from regions of interest, a 20 

keV Ar3000+ GCIB with a diameter of 20 ɛm was operated in quasi-continuous 

analysis mode with a cycle time of 200 ɛs on a Q-Exactive HF Orbitrap MS. The 

duty cycle of the beam was set to 4.4% and the primary current was 262 pA. 

The mass resolution was set to 240,000 at m/z 200. Depth profiles were 

collected in both positive and negative ion modes at mass range of m/z 75 ï 

1125 from an area of 200 Ĭ 200 ɛm using a sawtooth raster mode with a crater 

size of 284.5 × 284.5 µm. The optimal target potential was +56.4 V  for negative 
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ions and -208.4 V for positive ions. For all samples, profiles were taken from 

characteristic histological regions (necrotic, viable, and non-cancerous) without 

overlapping craters.  

3.3.3 High Resolution Imaging 

For the acquisition of GCIB OrbiSIMS images, a 20 keV Ar3000+ analysis 

beam of 2 µm diameter was used for the main study. The images were collected 

in negative polarity in mass range of m/z 75-1125 with the final pixel size of 3 

ɛm in a random raster mode. The cycle time was 200 ɛs. The duty cycle of the 

beam was set to 27.78%, and the primary current was 262 pA. The optimal 

target potential was set to +16.0 V. The mass resolution was set to 240,000 (at 

m/z 200) and a fixed injection time of 500 ms was used. In the initial optimisation 

experiment, a 20 µm GCIB was used to reduce the image acquisition time.  

For the acquisition of the LMIG ToF-SIMS image, a 30 keV Bi3+ LMIG was 

operated in a negative mode. A total of 512 × 512 pixels were acquired for each 

400 ɛm Ĭ 400 ɛm area (781.25 nm/pixel). Three shots were accumulated for 

each pixel. Measurements shown were a sum of five scans. Charge 

compensation was achieved by flooding the sample with a low-energy electron 

flood gun (21 V) and regulation of the main chamber with argon gas (9 × 10 ī7 

mbar) in all imaging experiments. 

3.3.4 OrbiSIMS Data Analysis 

Depth profile spectra were exported as .TXT files from IonToF SurfaceLab 

7. Peaks were picked (threshold: 0.1% of the base peak intensity) and aligned 

within a 5 ppm m/z window using an in-house MATLAB (R2020a, The 

MathWorks, Inc., Natick, MA) script (available from 

https://github.com/jorismeurs/LESA_align)  (122,217). Features with more than 

20% missing values were removed, and k-nearest neighbour (knn) imputation 
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was used for zero filling for the remaining missing values (267). Before 

subjecting the processed data to statistical analysis, the background peaks 

were removed, peak intensities were normalised to the total ion count (TIC) and 

pareto scaled (224). Principal component analysis (PCA) and orthogonal partial 

least squares ï discriminant analysis (OPLS-DA) models were constructed for 

class differentiation and feature selection using the SIMCA 16 software 

(Umetrics, Sweden). OPLS-DA models were validated by permutation tests. 

Discriminative ions were discovered by using a variableôs importance in 

projection (VIP) score Ó1 in OPLS-DA models and p value < 0.05 in multiple t-

tests. False discovery rate correction on p value was conducted using the 

Benjamini-Hochberg Procedure (q < 0.05) (301). 

Orbitrap and ToF images were processed in IonToF SurfaceLab 7. Small 

hydrocarbon fragments (C2
-, C3

-, C4
-, CH3

+, C3H6
+, C4H8

+) and ion PO3
- were 

used for internal mass calibration for data acquired from the ToF analyser. The 

data were exported as .BIF6 files for imaging PCA conducted on a multivariate 

analysis platform simsMVA (302). A binning factor of 4 was applied to all images. 

Spectra were scaled by square root and mean centred. 

3.3.5 Metabolite Identification and Pathway Analysis 

Detected peaks were subjected to metabolite identification using the 

Human Metabolome Database (HMDB) (https://hmdb.ca/) with a mass 

tolerance of 5 ppm. Ion adducts included [M-H]- and [M-H-H2O]-. Monoisotopic 

masses of annotated metabolites were used for pathway mapping by searching 

against the Homo Sapiens (Strain: global) (Source: Publication, Version: 2.02) 

database (2 ppm mass tolerance) in MetExplore (303). 

3.3.6 LESA-MS/MS for Metabolite Identification 

https://hmdb.ca/
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Liquid extraction surface analysis ï tandem mass spectrometry (LESA-

MS/MS) experiments were carried out using a TriVersa Nanomate (Advion 

Biosciences, Ithaca, NY) coupled to a Q-Exactive plus Orbitrap mass 

spectrometer (Thermo Fisher Scientific, Hemel Hempstead, UK). Methanol, 

formic acid, and water were all purchased as MS grade (CHROMASOLV) from 

Sigma-Aldrich (Gillingham, UK). The samples were placed on a universal plate 

holder (Advion Biosciences, Ithaca, NY) and scanned with an Epson V330 

scanner. The sampling locations were selected from the scanned image in 

LESA Points Software (Advion Biosciences, Ithaca, NY). First, 3.0 µL of an 

extraction solvent (methanol : water : formic acid 80:20:0.1) was aspirated from 

solvent reservoir with a pipette tip. Then, the tip dispensed 1.5 µL onto the 

sample surface. After an incubation of 15 s, the extraction solvent containing 

extracted analytes was re-aspirated and delivered to the MS with electrospray 

ionisation. The spray voltage was set to 1.5 kV with 0.6 psi gas pressure. 

Because it could not be determined prior to the experiment regarding which 

polarity in LESA-MS/MS allowed for the detection of the metabolites of interest, 

the experiment was operated in both positive and negative polarities for a total 

of 2 min using a mass scan range of m/z 70ī1050. The mass resolution was 

set to 140,000 at m/z 200 for full MS scans and 17,500 at m/z 200 for MS/MS 

scans. For the full MS, maximum injection was 200 ms with AGC target 3 × 10 6. 

For the MS/MS acquisition, a stepped collision energy of 20, 30 and 40 eV were 

applied for fragmentation.  

3.4 Results and Discussion  

3.4.1 Proof-of-Concept Study 

In the proof-of-concept study, we first explored different mode of operation 

options within OrbiSIMS including rapid ToF-SIMS imaging with ultra-high 

lateral resolution, Orbitrap-SIMS imaging with high mass resolution and Orbitrap 
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depth profiling from single sites, and determined a most suitable strategy that 

could provide maximum biologically meaningful information (Figure 3.2). 

 

Figure 3.2 Schematic illustration showing different modes of operation in OrbiSIMS. 
Imaging experiments are carried out using bismuth LMIG ToF-SIMS and argon GCIB 
OrbiSIMS. Representative spectra from histological regions of interest are acquired by 
single-site depth profiling using GCIB Orbitrap, and the ion intensity matrices are 
subjected to multivariate analysis. 

 

ToF-SIMS Imaging  

Firstly, to quickly navigate regions of interest that might contain valuable 

biological information, we used a ToF-SIMS imaging method with Bi3+ LMIG to 

acquire a survey image from a 6 mm × 12 mm area on the tissue section. With 

the chosen imaging settings, we achieved a lateral resolution of approximately 

1 µm . This was determined by line scan measurement that displayed the 

summed intensity for the pixels in a given line (Figure 3.3). Also, comparing the 

ToF spectra obtained from the dewaxed tissue and neat paraffin, we confirmed 

that peaks correspond to paraffin long-chain hydrocarbons were not observed 

from the tissue surface, which indicated complete paraffin removal using our 

deparaffinisation protocol (Figure 3.4).  
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Figure 3.3 ToF-SIMS imaging lateral resolution was achieved at approximately 1 µm.  
The line scan measurement was carried out on the chosen line (blue) shown on the 
total ion image (left). The light blue squares on the Intensity-Distance (right) plot show 
the intensity of each pixel on the given line. The distance between two data point 
corresponds to the lateral resolution achieved. 

 

Figure 3.4 ToF spectra from dewaxed GBM tissue and neat paraffin. Long-chain 
hydrocarbon from paraffin were not observed from the dewaxed tissue surface. Ion 
intensities were normalised to total ion count. 
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In PCA, the principal component (PC) 1 clearly distinguished the brain 

tissue from the substrate (Figure 3.5a). Based on the PC 2, two highly 

heterogeneous regions of interest were discovered (GBM ROI 1 and ROI 2) 

(Figure 3.5b). 

 

Figure 3.5 PCA of ToF SIMS image acquired in negative ion mode. (a) PC 1 
distinguished the tissue fragments from background substrate (blue: tissue, yellow: 
substrate). (b) PC 2 visualised the variance among different tissue regions. 

 

The PCA loadings of these two ROIs showed the dominant ions including 

CNO- (m/z 42), CN- (m/z 26), PO3
- (m/z 79), C2H2N- (m/z 40), PO2

- (m/z 63) and 

C3H3O2
- (m/z 71), which presented the largest variance in their distribution 

across these regions (Figure 3.6). From the histopathological assessment of 

an adjacent H&E-stained tissue section, it was discovered that ROI 1 were 

characterised by a hypoxic niche where pseudopalisading cells were found 

surrounding a necrotic foci and abnormal vessels caused by vascular 

proliferation (Figure 3.7a), and ROI 2 contained viable tumour cells with high 

cellularity located close to a blood vessel, and a less cellular viable cells zone 
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(Figure 3.7b). These characteristic morphological features of GBM have been 

described in a number of literatures (37,297,298,304).  

 

Figure 3.6 The PCA plots of ROI 1 and ROI 2 show that the dominant ions in positive 
principal component 2 are small organic molecule fragments including CNO- (m/z 42), 
CN- (m/z 26), PO3

- (m/z 79), C2H2N- (m/z 40), and dominant ions in negative component 
are silicon substrate ions SiO2- (m/z 60), SiHO3- (m/z 77) and Si3HO7-  (m/z 197) 
(positive PC2: red, negative PC2: blue). 
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Figure 3.7 Visualisation of PC 2 from (a) GBM ROI 1 and (b) GBM ROI 2 (yellow 
represent positive PC) and the H&E-stained tissue showing the histopathological 
features. 
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Comparison of LMIG ToF and GCIB Orbitrap Data 

Although ToF-SIMS images allowed for successful co-registration of ion 

images with important histological features of GBM, further data interpretation 

for clinically relevant information was hindered by intensive fragmentation of 

metabolites caused by the high-energy ion beam and the low mass accuracy of 

ToF analyser that make accurate annotation of metabolite extremely 

challenging.  

 

Figure 3.8 Comparison of data acquired with two modes of operation: LMIG ToF-SIMS 
(lateral resolution  1 µm) and GCIB Orbitrap -SIMS (lateral resolution 20 µm). (a) 
Histology of the imaged region. The distribution of phosphate ion (PO3

-) from visualised 
by (b) ToF-SIMS and (c) OrbiSIMS imaging. 

 

To tackle this, we applied an Ar3000+ GCIB Orbitrap method for comparison. 

An Orbitrap image was acquired from a 250 µm × 250 µm region containing 

pseudopalisading cells and perivascular niche using a 20 µm ion beam  (Figure 

3.8).  From the averaged imaging spectra, it was noticed that lower number of 
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small fragments (< m/z 150) were seen with GCIB Orbitrap compared to LMIG 

ToF (Figure 3.9a), and higher mass accuracy and significantly improved 

detection of lipid species (m/z 300 ï 600) were also achieved by GCIB Orbitrap 

(Figure 3.9b).  

However, speed of analysis was significantly compromised for higher mass 

resolution. Acquiring Orbitrap images often require substantial amount of 

instrument time. For a 1 mm2 area, the time required with ToF analyser was 

about 2.9 min, while for Orbitrap it was approximately 333 min, which was more 

than 100 times longer. Therefore, the size of imaging area with Orbitrap 

analyser was largely limited by its speed. 
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Figure 3.9 The averaged mass spectra with peak annotations from the imaged area 
using GCIB Orbitrap and LMIG ToF methods. 

 

OrbiSIMS Depth Profiling 

As an alternative approach to obtaining metabolic profile data with shorter 

acquisition time, we used GCIB Orbitrap depth profiling to analyse randomly 

selected sites (1 pixel/site) within each histological region. To acquire a depth 

profile from a chosen site, the approximate acquisition time was 1 min for 80 

scans. For OrbiSIMS depth profile data, a total of 124 and 203 ions were 

annotated with putative IDs in positive and negative ionisation modes, 
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respectively, and categorised as described in the Human Metabolome 

Database (Figure 3.10).  

 

Figure 3.10 The chemical classes of putatively annotated ions as described in the 
Human Metabolome Database. 

 
 

Firstly, we used an unsupervised PCA model to reveal clustering of spectra 

from non-diseased area (ND), necrotic (NC) and pseudopalisading (PD) zone, 

perivascular niche (PV), and viable tumour cells with high (HCV) or low 

cellularity (LCV) (n = 5) within a tumour (Figure 3.11a, b). From the negative 
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polarity data, we did not observe a clear separation between different clusters 

corresponding to each histological region except for non-diseased and 

cancerous groups (Figure 3.11c).  

 

Figure 3.11 OrbiSIMS depth profiling (negative mode) of microenvironmental niches 
within a GBM tissue section. (a) Circles on the tissue section represent sites selected 
for depth profiling analysis, different colours indicate morphologically distinct zones (NC 
- yellow, PD ï purple, PV ï green, LCV ï red, HCV ï blue). (b) Microscopic images of 
the representative histology of GBM niches located within a single tumour. (c) PCA 
scores plot of all metabolite profiles. 

 

Using PCA alone is often insufficient to detect the differences between 

groups, especially for biological samples with large inherent variability. 

Multivariate analysis models utilising class memberships, such as partial least 

squares (PLS-DA) and orthogonal partial least squares (OPLS-DA), were 

further applied to identify metabolic features associated with different classes 
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from the high-dimensional metabolomics data (305). Therefore, we next 

compared the metabolic profiles using supervised OPLS-DA models (Figure 

3.12). The model was validated by the default k-fold cross-validation procedure 

in the SIMCA P software (306). Relatively high Q2 values were given for each 

compared group. However, a high Q2 value may also be generated by overfitting 

the model with too many components. To mitigate this issue, we further 

validated the prediction model through a permutation test, which compares the 

distribution of Q2 values from the original data to the Q2 values when original Y 

values are randomly assigned (Figure 3.13) (306). All models were valid as Q2 

values (blue squares) from the permuted test (bottom left) are lower than the 

corresponding original points (top right).  

 

Figure 3.12 OPLS-DA models demonstrate differences in metabolite profiles between 
(a) PV and NC (Q2:0.796, R2X:0.763, R2Y:0.925), (b) NC vs PD (Q2:0.732, R2X:0.862, 
R2Y:0.885), (c) viable tumour cells and pseudopalisading necrotic cells (Q2:0.642, 
R2X:0.733, R2Y:0.808), and (d) non-cancerous and GBM cancerous tissue (Q2:0.616, 
R2X:0.294, R2Y:0.911). (NC - red, PD ï blue, PV ï purple, LCV ï navy, HCV ï green, 
viable tumour cells ï pink, pseudopalisading necrosis ï light blue, non-cancerous ï 
orange, GBM ï plum). PV: perivascular niche, NC: necrotic cells, PD: pseudopalisading 
zone.  
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Figure 3.13 Permutation tests were performed on OPLS-DA models for statistical 
validation. The permutation plots were generated through 100 random permutations. 

 

Significant differences in metabolic profiles were observed between PV 

and NC group (Q2:0.796, R2X:0.763, R2Y:0.925), NC and PD group (Q2:0.732, 

R2X:0.862, R2Y:0.885), viable tumour cells (HVC and LCV) and 

pseudopalisading necrotic cells (NC and PD) (Q2:0.642, R2X:0.733, R2Y:0.808), 

as well as all diseased and non-diseased regions (Q2:0.616, R2X:0.294, 

R2Y:0.911). Ions with a Variable Importance in the Projection (VIP) score Ó 1 in 

the OPLS-DA model were considered as discriminative. However, due to the 

inherent limitation of using OPLS-DA models for complex metabolomic data, it 

is essential to validate the results. Therefore, we used multiple t-tests with FDR 

correction to assess whether these ñdiscriminativeò ions in fact showed distinct 

relative abundance in the groups of interest. 

From all ions with a VIP score Ó 1, we did not found ions that showed 

distinct relative abundance between necrotic and perivascular zones, or 
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necrotic and pseudopalisading cells in Studentôs t-tests (Figure 3.14a). 

However, we discovered 34 significant ions between pseudopalisading necrosis 

and viable tumour cells, determined by p value < 0.05 in the Studentôs t-test with 

FDR controlled by BenjaminiïHochberg procedure (q value < 0.05) between the 

two groups (Figure 3.14b). They were subjected to putative annotation using 

HMDB. A total of 15 ions were putatively annotated as shown in Table 3.1.  

 

Figure 3.14 Studentôs t-test performed on discriminative ions discovered by OPLS-DA. 
(a) P values of negative ions with a VIP score Ó 1 in OPLS-DA models. Ions shown in 
orange are identified as significantly different in relative abundance between the two 
groups. (b) Box plot for discriminative ions identified by both OPLS-DA (VIP score Ó 1) 
and Studentôs t-test (p < 0.05) between viable tumour cells and pseudopalisading 
necrotic cells. FDR was controlled using BenjaminiïHochberg procedure (q value < 
0.05). The ion intensity was normalised to total counts.   
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Table 3.1 Annotations for significant ions in negative mode between viable tumour cells 
and pseudopalisading necrosis (VIP score Ó 1, p < 0.05 and FDR q < 0.05) using the 
Human Metabolome Database. 

Mass Compound name Formula Adduct ppm 

92.0253 Cytosine C4H5N3O M-H20-H 3 

93.0346 
Phenol C6H6O M-H 0 

2-VINYLFURAN C6H6O M-H 0 

96.9696 Phosphate H3O4P M-H 0 

107.0503 
 

p-Cresol C7H8O M-H 1 

m-Cresol C7H8O M-H 1 

o-Cresol C7H8O M-H 1 

Benzyl alcohol C7H8O M-H 1 

Anisole C7H8O M-H 1 

118.03 1,2-Diacylglycerol-LD-PI-pool C7H5NO M-H 1 

119.0364 Purine C5H4N4 M-H 1 

126.031 
1-Methyl-4-nitroimidazole C4H5N3O2 M-H 1 

2-imino-1,2-dihydropyrimidine-4,6-diol C4H5N3O2 M-H 1 

133.0157 
 

Tetrahydro-2-methyl-3-thiophenethiol C5H10S2 M-H 2 

3,3-Dimethyl-1,2-dithiolane C5H10S2 M-H 2 

Tetrahydro-2-methyl-2-thiophenethiol C5H10S2 M-H 2 

6,8-Dihydroxypurine C5H4N4O2 M-H20-H 3 

Oxypurinol C5H4N4O2 M-H20-H 3 

Xanthine C5H4N4O2 M-H20-H 3 

134.0474 Adenine C5H5N5 M-H 1 

142.0664 

6-Methylquinoline C10H9N M-H 1 

Quinaldine C10H9N M-H 1 

2-Aminonaphthalene C10H9N M-H 1 

146.0473 

N2-Methylguanine C6H7N5O M-H20-H 3 

1-Methylguanine C6H7N5O M-H20-H 3 

3-Methylguanine C6H7N5O M-H20-H 3 

7-Methylguanine C6H7N5O M-H20-H 3 

150.0424 

Guanine C5H5N5O M-H 2 

2-Hydroxyadenine C5H5N5O M-H 2 

8-Hydroxyadenine C5H5N5O M-H 2 

160.0266 

(3-isothiocyanatopropyl)dimethylsulfanium C6H12NS2 M-H 3 

1-Thiocyanato-4-(methylthio)butane C6H12NS2 M-H 3 

Erucin C6H12NS2 M-H 3 

Isoxanthopterin C6H5N5O2 M-H20-H 3 

162.0423 

Pterin C6H5N5O M-H 1 

Thialdine C6H13NS2 M-H 3 

8-Hydroxy-7-methylguanine C6H7N5O2 M-H20-H 3 

2-(hydroxyamino)-1-methyl-6,9-dihydro-1H-

purin-6-one 
C6H7N5O2 M-H20-H 3 

273.8973 

[4-(dichloromethylidene)-5-hydroxy-2-oxo-

3,4-dihydro-2H-pyrrol-3-yl-oxidanesulfonic 

acid 

C5H3Cl2NO6S M-H 3 
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The same depth profiling measurement was repeated in positive ion mode. 

No clear clustering was shown for different histological groups (Figure 3.15). 

Four samples from the high-cellularity viable cells group appeared to be distinct 

from the rest of metabolite profiles, largely contributed by ions m/z 87.9771, m/z 

108.942, m/z 124.938, m/z 142.948, m/z148.935, m/z 163.922, m/z 163.946, 

m/z 164.93, m/z 186.912, m/z 196.02, m/z 204.923, m/z 218.002, m/z 222.92 

and m/z 300.854 according to the PCA loadings. However, these ions were not 

matched with any metabolites in the HMDB. 

 

Figure 3.15 PCA model is constructed using metabolic profile data acquired in positive 
ion mode from different histological regions. 

 

OPLS-DA models constructed based on the positive mode data were not 

able to differentiate the four groups as low values of Q2 for the training set were 

given in necrotic cells versus pseudopalisading cells (Q2 = 0.348) (Figure 

3.16b), viable versus pseudopalisading necrotic cells (Q2 = 0.493) (Figure 

3.16c), and non-diseased versus cancerous tissue (Q2 = 0.423) (Figure 3.16d). 

For necrotic and perivascular group (Figure 3.16a), the prediction models were 

not valid as the permutation plots indicated overfitting (Figure 3.17). 
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Figure 3.16 OPLS-DA models constructed based on metabolite profiles acquired in 
positive ion mode. (a) PV and NC (Q2:0.738, R2X:0.851, R2Y:0.839). (b) NC vs PD 
(Q2:0.348, R2X:0.884, R2Y:0.543). (c) viable and pseudopalisading necrotic cells 
(Q2:0.493, R2X:0.705, R2Y:0.701). (d) non-cancerous and GBM (Q2:0.423, R2X:0.478, 
R2Y:0.607). (NC - red, PD ï blue, PV ï purple, viable tumour cells ï pink, 
pseudopalisading necrosis ï light blue, non-cancerous ï orange, GBM ï plum). PV: 
perivascular niche, NC: necrotic cells, ND: non-diseased zone, PD: pseudopalisading 
zone. 

 

Figure 3.17 Permutation tests were performed on OPLS-DA models for statistical 
validation. Overfitting was seen in NC/PD and NC/PV groups. PV: perivascular niche, 
NC: necrotic cells, ND: non-diseased zone, PD: pseudopalisading zone. 
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Summary 

In this proof-of-principle experiment, we firstly employed ToF-SIMS 

imaging to acquire a survey image of the whole tumour tissue section, which 

allowed for the identification of chemically heterogeneous regions. These 

chemical images were later co-registered with the optical image of the adjacent 

H&E-stained tissue section and appeared to be different histological niches of 

GBM. However, retrieving meaningful clinical information from the ToF-SIMS 

data was hindered as the spectra contained large number of molecule 

fragments, and the low mass resolution makes it challenging to identify ion 

species confidently. To tackle this, we applied GCIB OrbiSIMS for single-site 

depth profiling analysis on the ROIs previously defined by ToF-SIMS, which 

provided high mass accuracy and significantly reduced fragmentation. We were 

able to clearly differentiate important GBM histological regions based on their 

metabolic profiles. Interestingly, multivariate analysis models constructed uzing 

negative polarity data showed higher predictability compared to the positive 

mode data. This could be due to higher signals achieved using negative mode 

( 10 fold), which led to detection of higher number of ions at the same signal-

to-noise ratio. Also, as different dominant chemical classes were seen in each 

ion mode, it was possible that the metabolite species detected in negative 

polarity displayed larger difference among the histological regions.  

In brief, the developed OrbiSIMS method showed potential in acquiring 

clinically relevant information from a FFPE GBM tissue section. However, we 

acknowledge that the sample size was small at this stage of study, which posed 

a high risk of overfitting and leading to overoptimistic results from the OPLS-DA 

models. Next, a full study including larger number of patients was carried out to 

improve statistical power and better explore the metabolic landscape of GBM 

microenvironment. 
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3.4.2 Full Study: OrbiSIMS Reveals GBM Intra-tumoral Heterogeneity 

GBM samples containing viable, necrotic, and non-cancerous cells within 

single tumours were selected and analysed using the established method 

described in the previous section. The metabolic profiles were obtained from 

multiple sites across each histological region (i.e., necrosis, viable tumour cells, 

non-cancerous regions) (N = 4, n = 5) by depth profiling (Figure 3.18).  

 

Figure 3.18 Representative microscopic images of morphologically distinct regions of 
GBM. 

 

The detailed histology of each analysed region and the demographic 

information for the patients are shown in the Appendix A. Firstly, a PCA model 

(R2 = 0.91) was constructed. The second principal component (y-axis) showed 

that viable tumour cells clustered distinctly from non-cancerous cells, and 

necrotic tumour cells tended to overlap with the two classes (Figure 3.19a), 

while the first principal component (x-axis) differentiated each individual patient 

(Figure 3.19b) indicating large inter-patient variations among the individuals. 

The corresponding loadings plot revealed metabolites important for separating 

the groups, including phosphate (m/z 78.9588), adenine (m/z 134.047), 

xanthine (m/z 133.0154) and indole (m/z 116.051) (Figure 3.19c).  
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Figure 3.19 Principal component analysis (PCA). (a) PCA scores plot of metabolite 
profiles classified as non-cancerous, necrotic and viable cells (N = 4, n = 5). Viable 
tumour clusters distinctly from non-cancerous regions. (b) PCA scores plot shows inter-
patient variability in metabolite profiles. (c) The corresponding loading plots. 
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For different subtypes of GBM cells in the tumour microenvironment, the 

within-class variation is larger than the between-class variation, therefore, class 

separation was not well exposed in PCA models (305), which is a common issue 

in metabolomics. To further untangle the data and retrieve clinically relevant 

information, a supervised multivariate analysis model based on OPLS-DA was 

constructed  (230). The OPLS-DA models were able to separate necrotic and 

viable tumour cells (R2 = 0.589, Q2 = 0.515) (Figure 3.20a), viable and non-

cancerous cells (R2 = 0.542, Q2 = 0.734) (Figure 3.20b), as well as necrotic and 

non-cancerous cells (R2 = 0.571, Q2 = 0.531) (Figure 3.20c), which were 

validated using leave-one-out cross validation The associated S-plot showed 

the covariance and correlation between the ions and the modelled class 

designation in a scatter plot (307), which identified statistically significant and 

potentially biochemically important metabolites. Ions with a VIP score Ó 1 was 

considered discriminative, which were highlighted in the S-plot. To mitigate the 

issue of potential overfitting, we further validated all OPLS-DA models through 

a permutation test, which compares the distribution of Q2 values from the 

original data to the Q2 values when original Y values are randomly assigned 

(Figure 3.21). 



107 
 

 

Figure 3.20 Supervised OPLS-DA models show clustering of metabolite profiles based 
on the histological regions (a) necrotic and viable cells. (b) viable and non-cancerous 
cells. (c) necrotic and non-cancerous cells. Important discriminative ions were revealed 
by corresponding S-plot. 
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Figure 3.21 Permutation tests were performed on OPLS-DA models for statistical 
validation. The permutation plot based on 200 random permutations. 

 

The discriminative ions discovered in the OPLS-DA model were subjected 

to the Studentôs t-test to determine how they were altered between the viable 

and necrotic groups. In total, we found 13 ions with significantly different relative 

abundance (Figure 3.22), and 9 ions were putatively annotated using the 

HMDB (134). The elevated metabolites in viable cancer cells were cytosine (m/z 

92.0252, [M-H2O-H]-), phosphate (m/z 78.9588, [M-H2O-H]- and m/z 96.9696, 

[M-H]-), purine (m/z 119.0362, [M-H]-), xanthine (m/z 133.0154, [M-H2O-H]-) and 

8-hydroxy-7-methylguanine (m/z 162.0419, [M-H2O-H]-). In GBM, it has been 

reported that purines can promote DNA repair, therefore, correlate with 

radiotherapy resistance (308). It is also an important limiting factor for the 

growth, proliferation, and maintenance of brain tumour-initiating cells 

responsible for tumorigenesis (309,310). Another significantly elevated 

metabolite in viable tumour cells is xanthine, which is one of the downstream 

metabolites in purine catabolism, which also suggests upregulation of purine 

metabolism in viable GBM cells (311). Interestingly, 8-hydroxy-7-methylguanine, 
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a methylated purine compound, was also found to be richer in viable tumour 

cells compared to necrotic and non-cancerous regions. It agrees with the 

previous studies that methylated nucleosides are present in higher amounts in 

cancer patients compared to healthy individuals (312,313). On the contrary, 

indole and phenylethanolamine were found to be less abundant in viable cells 

compared to the non-cancerous and necrotic regions. Apart from phosphate, 

m/z 124.9842 and m/z 125.0356, the discriminative metabolites for necrotic and 

viable tumour cells also presented distinct relative abundance between the 

viable and non-cancerous region within the tumour.  
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Figure 3.22 Ion intensities (normalised to TIC) of discriminative ions between necrotic 
and viable regions (VIP score Ó 1 in OPLS-DA model; p < 0.05 using Studentôs t-test 
and FDR correction) detected using single-site depth profiling method. (*, p < 0.05; **, 
p < 0.01; ***, p < 0.001; ****, p < 0.0001; ns, not significant) 

 
 
 
































































































































































































































