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Abstract

The metabolome is the complete set of small-molecule chemicals that are produced during
metabolism and is an indicator of cellular activity and the physiological state of an organism.
Understanding the complexities and impact of an organism’s complete metabolome, as well as
variation between organisms has proven challenging. However, by studying the complete anatomy
of an organism, whilst preserving biological complexity, can dramatically improve the amenability to
analysis by studying smaller and simpler model organisms such as nematodes, e.g., Caenorhabditis
elegans and Pristionchus pacificus. Furthermore, recent technological advances in surface sensitive
mass spectrometry, such as the 3D-OrbiSIMS, have made it possible to not only characterise the
entire metabolome of an organism, but to also spatially locate where metabolites anatomically
originate, to a high spatial and mass accuracy. Therefore, the overarching aim of this study is to
develop apply and evaluate bioinformatic methods for 3D-OrbiSIMS metabolome datasets for
nematodes C. elegans and P. pacificus to separate species based on their mass spectra.

Nematode samples were synchronised to larval stages and were deposited on indium tin oxide (ITO)
substrates, to optimise charge compensation and were imaged in negative and positive polarities,
as well as in XY axis & Z axis to obtain surface and depth chemical maps. Open source pySPM
written in python was evaluated to determine its utility to analyse 3D-OrbiSIMS data. However, it was
soon established that file formats produced by 3D-OrbiSIMS were incompatible. Therefore, 3D-
OribSIMS native SurfaceLab v7 was used to interpret and extract data. SurfaceLab indicated the
nematode mass spectra were extremely rich in chemical information with >250,000 mass ions for a
number of data sets. Compromises to the large data sets, whilst preserving data complexity, were
established by capturing the 5000 highest intensity mass ions for each sample and merging into
master mass interval list which consisted of 24,667 mass ions to overcome processing limitations.
The master mass interval list permitted multivariate principal component and principal coordinate
analysis (PCA & PCoA) and unsupervised analysis (K-means and hierarchical clustering) of data to
identify global similarities and differences between species which was conducted using R.

PCA and PcoA were unable to separate C. elegans and P. pacificus data. PC1, PC2 and PC3,
consisted of the greatest variance in the data. However, no 2D principal component plot (PC1 vs
PC2, PC1 vs PC3 and PC2 vs PC3) were able to separate species mass spectra, when visualised
using 95% confidence intervals. This was attributed to the large variance in the number of nematodes
per sample (n = 1-59 nematodes) and number of data sets for between XY axis data (n=1-3) and Z
axis data (n = 4-6). 3D variance plots for PC1, PC2 and PC3 appeared to separate the species.
PcoA, like PCA, was also unable to separate the data. However, exploration of the array of distance
matrix calculations (Euclidian, Manhattan Maximum and Canberra) identified that Canberra
distances, due to its sensitivity to values close to zero, demonstrated potential to separate species,
although it did not achieve this with 95% confidence.

Chemistries were grouped using secondary ion mass spectrometry molecular formula prediction
(SIMSMFP) to determine if biological classes were able to differentiate between species based on
mass spectrometry data. Chemistries were grouped, for substrate (silica glass and ITO), fatty acids,
triglycerides sulphates, ceramides, phospholipids, amino acids and nucleic bases. Fatty acids
(1.54% of data) and triglycerides (3.54% of data) were the only chemical subgroups that
demonstrated 90% success in chemically separating C. elegans and P. pacificus based on predicted
values using K-means analysis, dendrograms, cluster plots and heatmaps. Dendrogram’s correctly
separated all but one sample The data anomaly reasons are to be determined, however, could be
attributed to sample contamination.

In summary, the observations provide evidence to suggest holistic analyses of nematode chemistry
is challenging as the C. elegans and P. pacificus are potentially more similar to each other than they
are different. The research conducted as part of this study will pave the way towards building a
WOrMs platform, which could be used to determine the spatial origin of ageing for free living and
parasitic nematodes, that could improve the understanding of all forms of life.
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1. Introduction

Omics is the global assessment of classes of biological molecules to improve the understanding of
all forms of life [1]. The molecules typically under consideration are based on the flow of biological
information and the central dogma of molecular biology first proposed by Francis Crick [2], where
DNA is transcribed into RNA and RNA translated to proteins, Fig. 1. Genomics, transcriptomics and
proteomics are the study of all the DNA, RNA and proteins in a biological system, respectively.

The human genome consists of ~3 billion base pairs, that are found in 23 chromosomes, which are
thought to consist of approximately 30K genes (~20K related to proteins, [3]). The transcriptome is
composed of protein-coding messenger RNAs (mMRNAS), as well as non-coding RNAs (ncRNAs) that
contribute to structural and regulation of molecular biology, such that the human transcriptome has
been found to consist of 20,944 mRNA and 51,960 ncRNA [4]. Therefore, based on the information
gathered from the genome and transcriptome the human proteome consists of ~20K proteins.
However, due to nonsynonymous single-nucleotide polymorphisms (nsSNPs) and post translational
modification potentially >100K different proteins can be produced from a single genome [5].

It is important to note the activities of transcription and translation, are heavily regulated by the
metabolome, which consist of small molecules, or metabolites responsible for all the chemical
reactions that take place within cells [6], that has led to its re-modelling, Fig. 1 [7]. Metabolites can
attenuate macromolecule activity (nucleic acids & proteins) whilst also modulating the flow of
information from the genome to an organism phenotype [8]. Therefore, an improved understanding
of the metabolome of organisms that have already had their complete genome, transcriptome and
proteome determined, the focus of this work, would provide researchers with a data set to determine
if similar processes work in other species and how they exhibit physicochemical properties and
behaviours [9]. It is also important to mention the transcription and translation are also regulated by
other omics, which also influence the phenotype. These omics studies include, but are not limited to
the epigenome, microbiome and pharmacogenome [10]. Furthermore, the large numbers present
in the genome, transcriptome and metabolome indicate the need for bioinformatic methods, which
combine a knowledge of computer sciences, mathematics, chemistry & biology, to facilitate data
analysis, interpretation & visualisation.

Q

= Genomics Transcriptomics

o

Phenotype
@8 ‘
Q35
€9 cDNA cRNA Enzymes Structure
<3 ncRNA Antibodies Behaviour
L E QX oo ,»:"[‘
| L%' J

g Y

= Metabolome (e.g peptides, carbohydrates & lipids)

i) Epigenome (e.g. DNA methylations)

=) Microbiome (as a function of commensal bacteria)

o . .

& Pharmacogenome (as a function of therapeutics)

Fig. 1 Remodelling of the central dogma of molecular biology. DNA transcribes RNA, which
translates proteins, to determine phenotype, indicative of biological structure to behaviour. DNA,
RNA, proteins to polypeptides are heavily regulated by other constitutive -omes including the
metabolome, epigenome, microbiome and pharmacogenome.
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1.1 Metabolomics

The metabolome, an indicator the physiological state of an organism, is highly dynamic and
influenced by a multitude of factors, including the environment, nutritional state and age [11]. The
metabolome also varies with, and in turn potentially influences an organism’s physiology,
development and behaviour, such that it is subject to very rapid changes. These rapid changes in
turn produces challenges to accurately characterise ephemeral metabolite changes important for
biological development [12].

The Human Metabolome Database (HMDB) details a collection of 217,920 annotated and 1,581,537
unannotated metabolites [13]. These metabolites have been identified using methods such as mass
spectrometry (MS) and nuclear magnetic resonance (NMR). The criteria for inclusion in the HMDB
[14] are that the metabolite 1) must weigh <1500 Da, 2) is found in normal or diseased conditions at
concentrations greater than 1 yM, and 3) must be of biological origin (either generated by human
cells or endogenous gut microflora). Although the criteria appear to be strict there are exceptions
made for metabolites that are low abundance but biomedically important, such as hormones,
disease-associated metabolites, essential nutrients and signalling molecules, common therapeutics
that include acetaminophen (paracetamol) and nicotine as well as ubiquitous food additives (e.g.,
cellobiose, vitamins). Separate databases are being developed by the human microbiome project
(HMP) consortium to include drugs food additives and toxins [15].

Understanding the complexities and impact of an organism’s metabolome has proven challenging
due to the absence of suitable samples, datasets and analytical techniques [16]. Ultimately a human
or populations of humans would be ideal to study to determine key omic variations, however
practically this is not possible as yet [17]. This is due to the large variation between populations,
individuals and organs and tissue, which make the task challenging [18]. Another approach would
be to study animals that are similar to humans, that may overcome practical, scientific and socio-
economic challenges to characterise humans. However, there is also a strong international drive to
replace, reduce and refine the use of animals in research so that this precious resource is reserved
[19]. Bearing this in mind, model organisms, if carefully selected, maybe able to bridge the gaps in
knowledge to accelerate theoretical and experimental research [20]. An example of an organism the
fulfils this criterion are nematodes [21].

1.2 Whole Organism Models (WOrMs)

Life on earth is thought to have first originated 3.5 billion years ago [22]. Phylogenetic trees have
mapped the evolution of genetic material over this period to show how life potentially originated from
a single source from which all other lifeforms evolved, Fig. 2. Therefore, many organisms are thought
to be related and have been found to share biological similarities, from fundamental aspects such
as genetic material to complex structure and behaviours, such that they can be used as model
organisms to study human biology. Model organisms studied in many laboratories include the
yeast Saccharomyces cerevisiae [23, 24], the bacterium Escherichia coli [25], the fruit fly Drosophila
melanogaster [26], the nematode worm Caenorhabditis elegans [27], the plant Arabidopsis thaliana
[28], and various mouse strains [29]. Each of these organisms having their own advantages and
disadvantages for their designated application, for which the advantages of nematodes [30], the
focus of this work, will be discussed.

Nematodes are thought to have separated from a common ancestor of Homo sapiens 630 million
years ago, Fig. 2 [31]. Visually when comparing nematodes to humans to a common ancestor (a flat
worm) there may be no apparent similarities. However, biologically they are all much more similar
than first thought. Homo sapiens have found to consist of only 21% more protein-coding genes than
the microscopic nematode worm Caenorhabditis elegans [32]. This suggests there is a lot we can
learn from nematodes as model organisms for human biology as well as models for each other. This
study will consider C. elegans and Pristionchus pacificus as model organisms to study surface (XY
axis) and three dimensionally (Z axis) located chemistries using mass spectrometry.
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Kingdom: Animalia Kingdom: Animalia
Phylum: Nematoda Phylum: Chordata
Class: Chromadorea Class: Mammalia
Order: Rhabditida Order: Primates
Family:  Rhabditidae <:> Family:  Hominidae
- Genus:  Caenorhabditis Genus: Homo
Species: C. elegans Species: H. sapiens

630 mil years, 327 millionth cousins
Common Ancestor

327 millionth great grandparent

Fig. 2 A modern phylogenetic map of the tree of life that highlights the origin of nematodes, Homo
sapiens and their common ancestors.

C. elegans and P. pacificus are free-living worms, and are some of the most completely understood
animals on the planet [33]. This is due to their small size (at maturity ~1 mm), short generation time
(<3 days), optical transparency, availability of genetic variants and in the UK exclusion from Home
Office animal regulations [34]. The complete genome, transcriptome and proteome of C. elegans
and P. pacificus have been determined [35]. Furthermore, C. elegans is currently the only organism
that has had its entire nervous system mapped [36]. Researchers also working with C. elegans
organism have received Nobel prizes for advances in genetics [37], green fluorescent protein
labelling [38] and RNA interference [39].

C. elegans and P. pacificus phylogenetically were separated ~280-430 million years ago [40]. They
are hermaphrodites that self-fertilise, with a small number of males produced (1 in 1000) [32]. In
nature these nematodes have been in general found feeding on decomposing fruit [41] as well as
commensally with insects and other invertebrates feeding on bacteria and other organisms that
appear on their carcasses after they have died [42]. In the laboratory, they are fed non-pathogenic
Escherichia coli OP50, a strain that is grown readily on nematode growth medium agar [43]. C.
elegans undergoes life cycle stages, ranging from the egg into the larval stages L; to L4, and
progressing into an adult [44]. However, unlike C. elegans, P. pacificus has an embryonic moult from
Ji1 to Jo, from which it emerges and matures to J4 and adult stages [45]. Both C. elegans and P.
pacificus can form dauer staged nematodes, where it is able to adapt and survive environmental
extremes. Examples of environmental extremes include overcrowding, an absence of nutrition
temperature fluctuation and even space flight [46]. Nematodes can survive for several months in the
extreme environment [47] and in some cases produce stress-resistant larval stage with a greatly
extended life span [48]. Furthermore, dauer formation has no significant impact on the post-dauer
stages once the overcrowding, nutrition or temperature have returned to optimum levels, such that
nematodes can resume their life cycle as normal to live for their usual 2-3 weeks.

P. pacificus have developed unique adaptation over C. elegans, with respect to their physiology and
behaviour Fig. 3 [49]. The key differences discussed in this study include formation of teeth and
predatory behaviour. P. pacificus does not have the pharyngeal bacteria grinder that is present in C.
elegans, however, during its development, P. pacificus irreversibly produces either a
stenostomatous or eurystomatous mouth-form [50]. The stenostomatous has a single tooth whereas
the eurystomatous has two teeth which are hinged. Interestingly it is only the eurystomatous P.
pacificus that is able to demonstrate predatory behaviour. In the absence of food as well as colony
preservation, P. pacificus is able to kill and eat other species nematode larvae [51]. This includes C.
elegans larval stages [52].
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Fig. 3 SEM images of C. elegans and P. pacificus. mouth forms of P. pacificus and still and video
(QR code) of predatory feeding behaviours [53].

Research has shown this differential predatory behaviour is due to a multitude of reasons, which
include environment, nutrition, neurotransmitters and genetics. Nutritional and environmental
pathways highlight that P. pacificus fed on bacteria rich in vitamin-B12 in preference to E. coli,
exhibited enhanced predatory behaviour [54]. In addition, the neurotransmitter serotonin has been
found to initiate a predatory-like pumping and tooth movement, when fed to P. pacificus which
corresponded to enhance killing behaviour with non-kin, nematodes that are not family (C. elegans
are Rhabditidae, P. pacificus are Diplogastridae) [51]. These behaviours can also be promoted by
blocking dopamine D2 or octopamine (invertebrate norepinephrine). Specifically, when P. pacificus
are treated with octopamine it switches from territorial to predatory motivation for both biting and
search. The genetic differences in self-1 in the P. pacificus genome produces hypervariable small
peptide (SELF-1), thought to be found on the surface of nematode species. SELF-1 is postulated to
enable kin recognition such that P. pacificus predate on non-kin [55]. These findings suggest
between C. elegans and P. pacificus there are multiple surface or subsurface based differences, that
if characterised in space and time, spatially (Z and XY axis) and temporally throughout the
development of the species, the biochemical or metabolic could be used to speciate nematodes or
more importantly identify the spatial origin of physiology and behaviour.

The nematode research community has identified the gaps in knowledge in the nematode
metabolome and the power of its complete map would provide researchers with a pathway to a
complete understanding this organism [56]. However, challenges remain “to cover the vast quantity
of under-annotated metabolites as well as expert knowledge on the different analytical technologies
(NMR and MS) employed to evaluate the quality of the metabolite annotation” [56]. Recent
technological developments, including advances in correlative [57] and surface-sensitive mass
spectrometry [58], have now made it possible to characterise the full metabolomic profile across the
development of a multicellular organism with high spatial and chemical resolution in a label-free
manner.

1.3 Advanced Instrumental and Computational Analytical Approaches

1.3.1 Instrumental Advances

Gas chromatography (GC), high performance liquid chromatography (HPLC), ultra-high-
performance liquid chromatography (UHPLC), capillary electrophoresis (CE), coupled to mass
spectrometry (MS) and nuclear magnetic resonance (NMR) spectroscopy, permit separation,
detection, characterization and quantification of metabolites’ corresponding metabolic pathways [59].
Advances in secondary ion mass spectrometry (SIMS) permit identification of metabolites in lateral
(XY axis) as well as in depth (Z-axis). Examples of iterations of the technology include time of flight
secondary ion mass spectrometry (ToF-SIMS) and 3D-OrbiSIMS, which use time of flight and
orbitrap mass analysers.
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Previous research has focused on the development and application of innovative tools to determine
the presence and function of key metabolites to augment the understanding of model biological
systems. This included the application of surface sensitive mass spectrometry to nematode surfaces.
This research demonstrated Necator americanus, a hookworm helminth of humans that infects 700
million individuals globally [60], possess differential surface chemistry that facilitate successful host
infection [61]. The differential chemistry occurs at the interface of moulting stages of helminth growth.
Where immune diversionary molecules (immunogenic heparan sulphate like monosaccharides)
were identified on the sheath surface and immune evading molecules (lubricating
phosphatidylglycerol head groups) found on the emergent larval cuticle surface, Fig. 4. This was the
first-time advanced surface analytical techniques such as time-of-flight secondary ion mass-
spectrometry (ToF-SIMS) have been used to directly probe the native surfaces of a parasitic
nematodes. These methods could be used to analyse the differences between the surface and
spatially locate in 3D the chemistry of free-living systems such as C. elegans and P. pacificus.

The 3D-OrbiSIMS permits acquisition of considerably more information than ToF-SIMS, due its high
spatial resolution (<2 pm) and mass accuracy (>240,000 at m/z 200) and affords a field of view that
permits imaging of whole nematode anatomies (500 um x 500 um) [58]. Positive or negative
secondary ions can be produced, dependent on the selected ionisation modality, to successive depth
profile in the Z axis to spatially locate biological chemistry [62]. Z-axis information provides a method
to study the chemistries within an organism, which will also contain features in that change in
physicochemical and structural properties the further deeper the system is sputtered. Whereas XY
axis information provides a guide to surface-based difference between organisms. Therefore, the
University of Nottingham’s acquisition of one of the first 3D-OrbiSIMS will permit whole organism
research to be taken to the forefront of analytical and developmental biology. 3D-OrbiSIMS and ToF-
SIMS permit aquation of positively charged and negatively charged mass ions. 3D-OrbiSIMS and
ToF-SIMS have already begun to push the boundaries of analytical science. For example, research
conducted in the School of Pharmacy has shown the potential to determine label-free
characterisation of proteins in human skin [63], identification of lipids and nucleobases in biofilms
[64] and highly-sensitive differentiation of carbohydrates and glycosaminoglycans [65]. More recent
studies have shown how 3D-OrbiSIMS can be used to determine the depth distribution of molecular
species between human and porcine skin [66] as well as how bioinformatics can be used to simplify
cast datasets produced using 3D-OrbiSIMS for samples such as human serum and carbonaceous
engine deposits [67].
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Fig. 4 ToF-SIMS of exsheathing N. americanus. (a) Optical and multivariate-curve resolution
analysis (MCR) highlighting nematode (b) cuticle & (c) sheath. (d) Merged image for highly loaded
ions in mass spectra for (e) cuticle & (f) sheath. Scale bar = 100 um. Adapted from VM Chauhan,
PLoS NTD, 2017 [60].
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1.3.2 Computation Advances

Surfacelab is the proprietary software used to acquire ToF and 3D-OrbiSIMS data. Traditionally,
SIMS data is pre-processed using SurfaceLab, and data manipulated and analysed in another
statistical package. This is because SIMS produces file formats (.ita, .itax .itm .itmx) that are relatively
straightforward to manipulate using SurfaceLab platform, however challenging to interpret by non-
data scientists in third party or open-source software. From experience, when working with complex
datasets such as nematodes in this study, ToF-SIMS and 3D-OrbiSIMS produce vast amounts of
data that cannot be effectively manipulated using SurfaceLab. Large data sets cannot be accessed
in their entirety due to limitations potentially in computational processing power and random-access
memory. As a result, operations can timeout and during system crashes pre-processing can be lost.
To overcome some of the challenges open source (python, R) and pseudo-open-source/proprietary
software (Matlab) has demonstrated its promise for analysing SIMS data outside of SurfacelLab.

Python is one the world’s fastest growing programming languages, used by a variety of researchers
from a range of disciplines. This means it has broad utility in a variety of different applications,
ranging from writing mobile applications to statistical analysis. These functions can be achieved
through utility of existing code or development of bespoke script to perform functions. The major
drawbacks of python that code for data analysis and visualisation are not always apparent. It also
thought to operates a high level of RAM, meaning some processes or simultaneous processes can
run slow.

R is also programming language and like python it is also free and open source. It was originally
developed for statistical analysis. As a result, it has become a powerful language for
bioinformaticians to automate the interpretation and visualisation of big data. It also shares many of
the advantages of python, which include fewer lines of code, cross platform, large community of
researchers and large libraries of packages to reduce script development time. Despite these
advantages, researchers often describe R code as challenging to maintain, the code cannot be used
for web applications, and is thought to run slow, due to the method by which R stores data.

Matlab is a pseudo-open-source/proprietary programming language used for an array of applications
including statistical analysis. This means there is cost associated with its use and potentially for
every additional package that is purchased. There is documentation and guides to how to operate
certain tasks, which is advantageous over open-source packages where the answer for a particular
solution may not be apparent. Matlab defines the class a directory of functions whereas R and python
utilise packages for defining the directory of functions. Matlab operates at different version numbers
for different operating systems, whereas R and Python run at the same version for all operating
systems. Long-term this could generate cross compatibility issues. Matlab provides tools boxes to
accelerate the learning curve for bioinformaticians. The key advantage of Matlab is that is provides
powerful methods to study 3D data and a graphical user interface which can simplify complex tasks.

Summative Statement: C. elegans and P. pacificus are inherently very similar with respect to their
genome, transcriptome and proteome [32], whilst exhibiting physiological and behavioural difference
[68]. The metabolome is thought to have an overarching regulatory role over the genome,
transcriptome and proteome [69], and could provide an explanation for observed differences in
physiology and behaviour. However, there is an absence of information with respect to the nematode
metabolome [56]. The University of Nottingham has next generation technologies such as the 3D-
OrbiSIMS, which could be used to spatially locate and metabolites [58]. Therefore, application of 3D-
ObsiSIMS to C. elegans and P. pacificus with bioinformatic methods could be used to spatially
resolve metabolites or groups of metabolites that improve the understanding of chemistries that can
be used to speciate organisms.
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1.4 Project Aims & Objectives

Aim - The overarching aim of this study is to develop apply and evaluate bioinformatic methods for
3D-OrbiSIMS datasets for C. elegans and P. pacificus, to separate species based on their mass
spectra.

Objectives

1)

2)

3)

4)

5)

Preparation of samples and acquisition of 3D-OrbiSIMS data for C. elegans and P. pacificus for
data analysis. C. elegans and P. pacificus samples (and their controls E. coli and Agar) will be
synchronised until they are Larval stage Lz and Js, respectively. Samples will be collected,
washed and deposited on Indium Tin Oxide (ITO) slides, to facilitate charge compensation using
3D-OrbiSIMS data acquisition. Populations of nematodes will be imaged in XY and Z axis to
obtain mass spectrum data in negative and positive modalities.

Evaluate the utility of existing platform for analysis of ToF-SIMS and 3D-OrbiSIMS data.
SurfacelLab (proprietary software used to acquire and manipulate mass spectrum data) and
pySPM (opensource software based built upon python) will be used to explore existing ToF-
SIMS data and newly acquired 3D-OrbiSIMS data in order to confirm their potential to
manipulate, filter and analyses SIMS data. SIMSMFP will also be used to filter datasets for
substrate and group chemistries based on biological class (amino acids, nucleic bases, fatty
acids, triglycerides, ceramides, sulphates and phospholipids).

Develop and apply the efficacy of multivariate analysis to study and speciate mass spectrometry
data for C. elegans and P. pacificus. R and supporting packages, will be used to produce scripts
for multivariate analysis for SIMS data. Scripts will be used conduct principal component
analysis (PCA) and principal coordinate analysis (PCoA). R-studio’s enhanced data
visualisation packages will also be implemented to improve interpretation of PCA and PCoA.
Multivariate analysis will also be conducted on filtered and group mass spectrometry data using
SIMSMFP. Analyses will endeavour to speciate nematodes to in C. elegans and P. pacificus.

Develop and apply unsupervised analysis methods to study and speciate mass spectrometry
data for C. elegans and P. pacificus. R studio will be used to develop scripts for K-means
analysis and hierarchical clustering to speciate nematodes based on mass spectrometry data.
Analyses will be visualised using dendrograms, cluster plots and heatmaps to improve
interpretation of the data.

Evaluate the efficacy to multivariate _and unsupervised analysis methods to study whole
organism _mass_spectrometry data sets. The study will conclude by evaluating the data
acquisition and data evaluation approaches (multivariate and unsupervised methods)
implemented. Pathways to improve the methods will be discussed towards the end of the study.
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2. Materials & Methods

2.1 Materials
All reagents were purchased from Merck Sigma Aldrich (Loughborough, United Kingdom), unless
otherwise stated.

2.2 Methods

2.2.1 Nematode growth media (NGM) Agar

Sodium chloride (1.5 g, final concentration in 1L = 0.025 M), agar (8.5 g final concentration in 1L =
0.025 M) and peptone (1.25 g final concentration in 1L = 4.46x10° M) were made up with deionised
water (1L) and autoclaved. Calcium chloride (1 mL, 1 M, final concentration in 1L = 0.001 M),
cholesterol dissolved in ethanol (1 mL, 5 mg/ml, , final concentration in 1L = 0.001 M) magnesium
sulphate (1 mL, 1M, , final concentration in 1L = 0.001 M) and potassium buffer solution (25 mL, 1
M, final concentration in 1L = 0.025 M) were added to molten agar. The NGM Agar was poured into
petri plates and were allowed to set and dry overnight [70].

E. coli OP50 pure stock cultures (0.1 ODgoonm made up to 10% glycerol, stored at -80°C) were thawed
and streaked for single colonies (acquired from Caenorhabditis Genetics Center (CGC), University
of Minnesota). A single colony was then added to lysogeny broth (LB, 50 mL) media and allowed to
grow (8 hrs, 37°C, 180 rpm). Freshly grown E. coli cultures (300-1000 pL) were pipetted in NGM
petri dishes containing NGM Agar and spread across its surface. Plates were incubated overnight
(37°C) until a bacterial lawn was visible and then stored until use (4°C).

2.2.2 Lysogeny broth (LB)
Tryptone (5 g), NaCl (2.5 g) and yeast extract (2.5 g) were made up with deionised water (500 mL)
and sterilised by autoclaving.

2.2.3 Nematode growth and maintenance

C. elegans nematodes (Bristol N2) and P. pacificus (PS312) were maintained on nematode growth
medium (NGM) agar and E. coli (OP50) at 20 °C. Synchronized growth cycles of C. elegans were
prepared by harvesting eggs from gravid females. Gravid hematodes were collected by rinsing a
NGM growth plate with sterile deionized water (3.5 mL). Sodium hydroxide (5 M, 0.5 mL) and sodium
hypochlorite (5%, 1 mL) were added to the worm suspension and vortexed (10 min) to separate
nematodes from the eggs. The eggs were initially collected using centrifugation (1500 rpm, 1 min),
and subsequently washed once with 5 mL of sterile deionized water and collected with centrifugation
(1500 rpm, 1 min). The centrifuged egg suspension was aspirated to 0.1 mL and plated onto a fresh
plate of NGM agar, seeded overnight with an E. coli lawn. The generation time of C. elegans using
these conditions was 4 to 5 days.

2.2.4 M9 Media

M9 buffer was prepared by addition of KH2PO4 (3 g), Na;HPO, (6 g), NaCl (5 g), and deionised water
(1L) 1 ml, which was sterilised by autoclaving. Followed by addition of filtered (200 nm pore size)
MgSO4 (1, mL,1 M). M9 buffer was used a buffer used to remove biological contaminants, such as
E. coli and agar debris.

2.2.5 Sample Preparation

C. elegans Ls; and P. pacificus Jzwere prepared by growing worms to ~34 hours after synchronisation
to a length ~500 pm. Nematodes were washed off the plate and washed using centrifugation with
M9 Buffer (15 mL, x3, 1000 rpm) and deionised water (15 mL, x3, 1000 rpm). Pelleted worms were
deposited on indium tin oxide slides (70-100 Q).

2.2.6 3D-OrbiSIMS Data Acquisition

Samples were transferred directly to 3D-OrbiSIMS sample holder with copper tape adhesive.
Remaining surface water was sublimated in situ within the vacuum (9x10~ mbar) of the 3D-OrbiSMS
(Fig. 5). The mass accuracy of the Q Exactive HF Orbitrap mass analyser was calibrated using silver
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Fig. 5 Schematic diagram of the 3D-Orbsims, obtained from Passarelli et. al. [58].

clusters with 30 keV Bi* ions and mass ions were collected between 72-1125 m/z. Secondary mass
ions from surfaces of nematodes were generated by sputtering with a 20 keV Arsg0* gas cluster ion
analysis beam, over field of view of 300 um x 300 pm (5.0 pm).

The beam was rastered across the sample surface in a random fashion (pixels 60x60, micro-raster
25 by 25), to prevent the formation of structural artefacts (Acquisition Time per Scan: 0:30:48). To
overcome sample charging an electron flood gun was used (2.3 A, extraction bias —10 V) and a flow
of nitrogen gas was delivered to the Orbitrap mass analyser (12 bar). Mass ions were injected into
the Orbitrap (injection time was 500 ms). All data were pre-processed using SurfaceLab Version
7.1.c (ION-TOF GmbH). It is important to note that due to the COVID-19 pandemic and
consequential public health concerns and travel restrictions there were limited opportunities to
acquire data from the 3D-OrbiSIMS. Nevertheless, data was acquired for depth (Z axis) planar (XY
axis) as well as positive and negative polarity mass spectrum. For this study negative data in Z and
XY axes were interpreted due to data richness and relatively greater mass intensities.

2.3 Software packages
To overcome SurfaceLab and computational limitations this study aims to identify bioinformatic
pathways that either

e Operate complete outside of SurfaceLab — Raw data files are transferred to a third-party software
or script to be analysed. This will be explored using pySPM (0.2.23). pySPM is an open source
ToF-SIMS analysis software. This software will be used to extract mass and intensity data from
3D-OrbiSIMs data to determine if differentiation of species and chemical fingerprinting of
nematodes is possible.

o Complement SurfacelLab in a hybrid format - Data is pre-processed using SurfacelLab, to identify
the most important information, which can be analysed effectively using custom scripts, which
more recently include SIMSMFP [67] and SIMSMVA [71]. This will be explored by exporting .csv
or .txt file formats which can be interpreted using Microsoft Excel and or R.

Table of all software and related packages used in this study is shown in Table 1.
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Table 1 Statistical packages for mass spectrometry and the utility for data analysis.

LANGOUSAGE/ VERSION | REF ANALYSIS PACKAGE PACKAGE REF
Windows 10 21H2 [72]
Python 7.19.0 [73] pySPM pySPM v0.2.16 [74]
Principal
Component
Analysis prcomp R base 4.0.3 [75]
(PCA)
Principal
Coordinate dist R base 4.0.3 | [75]
Analysis
(PCoA)
R 403 73] K-Means, kmeans R base 4.0.3 [75]
o Hlerarchlcal hclust R base 4.0.3 [75]
Clustering
Dendrograms heatmap R base 4.0.3 [75]
factominerR 2.1 [76]
Cluster plots
factoextra 1.0.7 [76]
Heatmaps heatmap R base 4.0.3 [75]
ggplot2 & 3.3.3 [77]
Graphs
plotly 4.1 [78]
Chemical SIMSMVA 4.3 [79]
Matl R201 74 e
atlab 019 | [74] fitering | SIMSMFP 1 [67]

2.4 Statistical analyses
2.4.1 Principal component analysis (PCA)

PCA is a method which is used to simplify the interpretation of large data with many variables. This
is achieved by reducing dimensionality of the data set whilst preserving as much statistical
information as possible [80]. Principal components are new variables that are constructed from data
sets that are linear combinations of initial variables. Historically this method has been limited to small
data sets due the large number of calculations required [81, 82], however through the introduction
of computers it has been possible to analyse big data. Briefly there are three major steps for PCA,
1) standardisation, 2) computation and 3) interpretation.

Data is standardised such that each contributes equally to the analysis. This is important because is
there is large variability between the data, variables with the large range will dominate over small
ranges. For mass spectrometry data this can be achieved by either normalisation to the total ion
count in the data set or subtracting the mean and dividing by the standard deviation of the variable.
For the purposes of this data sets considered in this study data was normalised to total ion count
and mean centred.

Computation consists of two major phases covariance matrix development and determination of the
eigen vectors and eigen values. The covariance matrix permits determination of how the variables
deviate from the mean and in relation to each other. Therefore, if the covariance is positive variables
increase and decrease together. Whereas a negative covariance indicates inverse correlation, such
that an increase in a variable would decrease a corresponding variable, and vice versa. The
eigenvectors of a covariance matrix are the direction of the axes where the majority of variance can
be identified, and the eigen values are the coefficients of the eigen vectors carried by each principal
component. Therefore, by ordering eigen vectors by the eigen values in order of their significance,
the principal components contributing to the largest variability in the dataset can be identified.
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Data is primarily interpretated through visualisation. This is achieved by studying the eigenvector
values and determining which variables contribute to the majority of variability within the data set. In
addition, by comparing the principal components, variables can be grouped or separated. This is
important for this project as it will help understand whether the mass spectrometry methods can be
used to identify species-based surfaces differences. Both Python and R, should be able to interpret
the data and perform PCA. However, R is better suited statistical analysis and visualization and was
the approach adopted for this study.

2.4.2 Principal Co-ordinate Analysis (PCoA)

PCoA like PCA permits interpretation of large data assets by reducing the dimensionality [83]. This
is typically achieved by determining the Euclidian (Pythagorean) distance between pairs of variables.
This geometric transformation would be comparable to a PCA analysis, as minimizing linear
distances is similar to maximizing linear correlations. Therefore, PCoA can also be calculated
through determining alternate methods of distance calculations. The selection of the distance can
be considered the art of data science. R permits distance calculation via “Euclidian”, "maximum
(Chebyshev)", "Manhattan", "Canberra”, "Binary" or "Minkowski" methods. A summary of the

distances is detailed below (Table 2).

Euclidian — As mentioned previously the Euclidian distance is the Pythagorean distance between
two data points (hypotenuse of a right-angled triangle). It is the most utilised method of distance
calculation and if not defined in software packages used the analysis will default to this method.
Manhattan — The Manhattan distance is calculated by determining the sum of absolute difference
between data points (the sum of the opposite and adjacent sides of right-angled triangle). This is the
method typically used when the natural Euclidian distances cannot be calculated.

Minkowski — The Minkowski distance is a generalisation of both Euclidian and Manhattan distances
such that the p (power) of 1 relates to Manhattan distance whereas a p value of 2 indicates Euclidian
distances. In the absence of specific p value software packages like R-Studio specify p as 2 and a
Euclidian distance calculation is performed. For multivariate analyses higher powers (p>2) can be
introduced to identify difference within the data set.

Chebyshev (Maximum) — The Chebyshev distance is the maximum of between two data points is
the greatest of their differences along any coordinate or planar dimension. (i.e., the larger value of
opposite and adjacent sides of right-angled triangle). It is also related to the Minkowski distance
matrix calculation as it is the value of p that approaches infinity (p—).

Canberra The Canberra distance is the weighted average of the Manhattan distance. This method
has been used to highlight variability for data that is found close to the origin and is sensitive for
measurement very close to zero.

Hamming (Binary) — The Hamming or binary distance matrix is typically reserved for distance
matrices for strings where the distance is calculated based on the number of position/ strings/ values/
digits are different. With respect to the information that is being considered as part of this data set
the values are numeric and therefore this distance matrix calculation is not appropriate.

Therefore, based on the distance matrices described above. The Euclidean, Manhattan, Maximum
and Canberra distances should be considered. This is because with the Euclidian Manhattan and
Maximum evaluate the Minkowski distances p equalling 1,2 and «, respectively and highlight the
natural, non-natural and limit of Minkowski distance matrices. Whereas the Canberra is distinctly
different from the Minkowski distance approximations and has demonstrated value when studying
approximations close to zero/ origin. It is anticipated mass spectrometry data studied will be close to
the origin as it is typical normalised to the total ion count or the sum of a subset of data.

Table 2 Summary of geometrical distance calculations for PCoA.

DISTANCE | FORMULA
Euclidian (a? - b?)1?
Manhattan |Aal-]Ab|
Minkowski (Ja-b|P)¥P
Maximum max (Aa, Ab)
Canberra |a - bj/|lat+b]
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2.4.3 K-means Analysis

K-means analysis is an unsupervised machine learning method, which groups similar data, usually
with a predetermined understanding of the dataset (centroid or clusters, K) [84]. A number of
centroids are randomly assigned to data points, from which the distance to every other data point is
determined. This is typically achieved using Euclidian or Pythagorean distance calculations. Data
points are assigned to their nearest centroid for which they are assigned a cluster. The mean of the
cluster is calculated. The calculation is repeated; however, this time distance and cluster assignment
is determined based on the cluster mean, rather than the centroid. This step is reiterated until all
data points do not change from the assignment based on the cluster mean. The method is highly
dependent on the initial random assignment of the centroids. This can produce clusters and data
assignment that is unrepresentative of the dataset and may include large variance. Therefore, the
method is iterated to determine the centroid and datapoint distances that produce the least variation.

The method and data variance are highly dependent on the assignment of the number of centroids.
Increasing the centroid number will reduce the variance between cluster assignment, however this
may produce interpretation challenges, as the objective of the method is to simplify the data, rather
than increasing the complexity of data by introducing potential sources of differences. Therefore,
prior knowledge of the data would facilitate simplification and clustering. The data in this study
consists of either the different species we are studying (C. elegans or P. pacificus) as well as depth
analysis data (Z axis) or surface data (XY axis). Therefore, this data could potentially have 2 (C.
elegans & P. pacificus) or 4 centroids (C. elegans Depth, C. elegans Surface, P. pacificus Depth &
P. pacificus Surface). It is important to note that this centroid assumption is based on the further
assumption that if the data acquired from mass spectrometry can be isolate to nematode anatomy
and free form E. coli and agar nutrient source and any interfering contaminants (e.g., salts & debris
etc.). This data interpretation could be taken even further by considering the Z axis as multiple layers
of XY axis, that correspond to the known layers found in nematodes. These layers include cuticle,
epidermis muscle and intestinal levels.

2.4.4 Hierarchical Clustering Analysis (HCA), Heatmaps & Dendrograms

HCA is a method used to group similar data together for which the information is typically illustrated
on a heatmap and/or dendrogram [85]. Computationally this is achieved by calculating and grouping
data points based on a distance matrix (as discussed above). For HCA clustering can be
agglomerative or divisive. Agglomerative clustering (the focus of this work) considers each sample
and its respective variables, against each other sample and its variables and groups them based on
similarities. The processes are repeated for clusters, rather than samples, until all clusters are part
of a single big cluster. Divisive hierarchical clustering operates in an inverse to agglomerative
clustering. Here all samples are initially considering as one, and their heterogeneities are considering
from which they are clustered. The process is repeated until all samples have been separated.

Similarity or dissimilarity between samples is measured using algorithms for complete (maximum),
single (minimum), average (mean), centroid or minimum variance (Ward) based clustering.
Complete and single clustering compute the maximum and minimum similarities between clusters,
respectively, and have been found to produce compact and loose groupings, respectively. The
average algorithm computes the mean similarities between samples whereas centroid algorithm
determines the mean from a central position and groups samples or clusters together. Ward’s
algorithm minimize sum of squared Euclidean distances, such that clusters or samples with the
lowest variances are merged into groupings. Wards algorithm has been selected as the focus of this
work because, as it is thought to provide advantages as it is less susceptible to noise & outliers [86].

The advantage of HCA method, when compared to PCA and PCOA, is that the degree of similarity
of data can be clustered into levels, as opposed to absolute groups produced for PCA and PCoA.
For the mass spectrometry data to be considered, this would allow samples to be compared and
clustered based on species, but also the similarity of sample within species clusters. It is important
to note that although the goal of this study is to determine differences between species, the methods
being applied may not be able to be classified and studied via these methods. Furthermore, with
respect to the mass spectrometry data, HCA could also be used to cluster mass ions that are similar
to each other, rather than the species. This would mean the chemistries that demonstrate similar
behaviour could be clustered together to improve understanding of the degree of type of chemistries
that increase or decrease in tandem.
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3. Results & Discussion

3.1 Sample Screen

C. elegans and P. pacificus are complex motile organisms, such that their preparation for analysis
using 3D-OrbiSIMS is challenging. The 3D-OrbiSIMS is a new instrument that has the potential to
revolutionise spatial metabolomic mapping. However, due to its being a world-first instrument there
are also significant number of technical hurdles that are required to overcome to obtain meaningful
data. Under the pandemic and large portions of this study the 3D-OrbiSIMS was non-functional due
to the absence of effective maintenance, from engineers based in Germany (IONTOF GmbH), due
to international travel restrictions. Furthermore, due to social distancing regulations in the UK, when
the system was operational, it was not possible to obtain training for independent use on 3D-
OrbiSIMS. Therefore, when the system was operational. samples were provided to an operator and
analysed in the absence sample experimental guidance. As a result, was important to conduct and
audit of the data that was acquired, and which data will be analysed.

Data was acquired over three intermittent operational weekends (weeks of 2" - 4t & 9" - 11" October
2020 and 18™- 20™ June 2021, Table 3) and may produce block effect, currently not considered as
part of this study. Data was collected for C. elegans (n = 22), P. pacificus (n = 21), E. coli (n = 4) and
Agar (n = 4). E. coli and Agar serve as controls for the nutrient source and substrates, respectively.
Data was acquired in Z axis (n =18) as depth profiles and XY axis (n = 29) as surface maps as well
as in positive (n = 24) and negative mode (n= 19). The polarity of the mass spectrometry method
allows for the analysis of either molecules with a positive polarity, usually through the addition of
hydrogen atom (M + H) to a chemical entity, or with a negative polarity, typically produced though
the removal of a hydrogen atom (M - H). This data is usually analysed in isolation as analyses
typically look for trends between species of mass ions, which is challenging to complete for both
positive and negative species when studied simultaneously. To formulate a strategy to investigate
the data acquired in this study the negative mode data will be analysed as literature has shown it
typically produces more meaningful mass spectrometry data [71].

Due to the indirect method of sample preparation for analysis, data were pre-evaluated for suitability
or bioinformatic analysis using brightfield images for negative datasets (Fig. 6). Brightfield images
for C. elegans and P. pacificus highlight initially that there is variability in nematode density between
the samples, such that during data acquisition there will potentially be large variability between mass
ions collected for species and substrate ITO. Samples vary from consisting of a single nematode
(e.g., Run 1 Z-axis data) to > 30 nematodes in single field of view (C. elegans Run 3 YX axis data
samples 4, 6 & 7). Whereas data captured for E. coli and Agar is relatively homogenous across the
field of view such that the data acquired from these samples will predominantly come from the
sample rather than the substrate. The difference in substrate loading, with respect to the relative
intensity produce from SIMS is common. The method used to overcome this is to normalise the data
set either to total intensity of the whole data set or the subset (e.g., proteins lipids or carbohydrates)
under consideration. This will allow datasets to be comparable and will permit multivariate analysis
to be conducted, although absolute comparison of chemical abundance will be challenging.

Table 3 Types of data acquired using 3D-OrbiSIMS over weeks of 2"- 4" & 9" -11™" October 2020
and 18M- 20" June 2021. Z refers to depth profiles and XY refers to planar surface images of
nematodes C. elegans and P. Pacificus. Data highlighted in green were taken forward for in depth
analysis amber data were evaluated as part of an initial screen.

C. elegans P. pacificus
Negative | Positive | Negative | Positive Positive Positive
Z | XY |Z |XY |Z | XY |Z | XY XY |Z | XY XY |Z | XY
3 |7 319 4 |5 4 |8 - 1 |- - 1 |-
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Fig. 6. Pre-evaluation of data acquired using 3D-OrbiSIMS. Field of view
x 300 pum. Data marked with X where not taken forward for analysis.

Further analysis of the brightfield images highlights that there has been data acquire from the same
region of interest on multiple occasions (summarised in Table 4).

When considering the E. coli and Agar XY axis samples it is evident that there is only an n=1.
Therefore, it is challenging to incorporate the data from this sample into the overall bioinformatic
analyses, due to the limited number of repeats, as such they were omitted from the analysis. Should
there be challenges separating the species, the agar and E. coli samples could be referred to
determine if the mass ions from these samples overwhelm nematode data with noise, (out of the
scope of this current study). Box and whisker plot highlighting differences in the number of
nematodes per sample type for C. elegans and P. pacificus in Z and XY axis is shown in Sl Fig. S1.
It is also important to note that P. pacificus Run 3 XY Axis sample 5 indicates that there is no
brightfield image. This was attributed to challenges operating the 3D-OrbiSIMS. Total ion count
image highlights nematodes were imaged, and the data was included for analyses (Sl Fig. S2).

Table 4 Summary of data notes to overcome data analytical compromises

Species Axis | Run | Sample Note Action
: . : Only Run 3
Sequentially run twice, which could
C. elegans z 3 2 &3 produce data artifacts during analysis fsample 2 taken
orward
same ROlI, reduces the robustness of | Only Run 3
C. elegans XY 3 6 &7 |evaluation of nematode surface | sample 6 taken
chemistry forward
sequentially depth profiled twice |Only Run 3
P. pacificus Z 3 2&4 |which would also produce data |sample 2 taken
artefacts during analysis forward
same ROI, reduces the robustness of | Only Run 3
P. pacificus | XY 3 1&3 |evaluation of nematode surface | sample 1 taken
chemistry forward
E coli N 1 1 Single run, absence of repeats makes Omitted
data comparisons challenging
Agar XY 1 1 Single run, a_bsence of repgats makes Omitted
data comparisons challenging
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Table 5 Summary of the number of mass ions for E. coli, Agar, C. elegans & P. pacificus data sets.

Sample Axis | Number of Mass lons
E. coli Z 52138
Agar Z 42716
C. elegans Z 45024
P. pacificus | Z 44347
C.elegans | XY 278967
P. pacificus | XY 220568

The data that were examined were whole fields of view that contain a mixture of single nematodes
and populations of nematodes. Although not considered as part of this study should there a be a
requirement to obtain nematode specific regions of interest could be obtained and studied.

Surfacelab, the software package used to operate the ToF-SIMS or 3D-OrbiSIMS, was used to
understand the data acquired (Table 5). The Z axis data returned an average of ~46,000 mass ions
(ROI = 3.4 um?, where spot size = 2 um diameter) whereas the XY data produced ~250,000 mass
ions (ROI = 90,000 um?, where field of view is 300x300 um) for negative mode mass spectrometry
alone. This information indicates XY data produces 5.4x mass ions potentially due to the area under
investigation. Furthermore, this data indicates the mass ion information could potentially increase
size should the positive mode data be considered. Each mass ion also has an associated intensity
and range from 0-1x10° counts (Fig. 7).

These intensity counts are optimised to be as high as possible by attenuating the ionisation beam
and parameters to obtain maximal signal. The intensity provides a guide to how well the mass ion
has been extracted from the surface of the mass spectrometer as well as how well the chemical
entity travels to the mass analyser based on its mass to change ratio (m/z). As a rule of thumb
minimum counts of 1x102 are aimed for prior to data acquisition, to separate noise from sample data.
Therefore, it cannot be considered an absolute measure of chemical abundance but can provide an
indication of relative abundance based on other chemistries within the data set. To achieve relative
abundance the intensities are normalised to the sum of all intensities in the data. It is important to
note that these mass ions contain mass spectrometry information for the mixture of species under
studied as well as the substrate. This means although the maximum intensity for this dataset maybe
1x10° this may relate to chemical entities such as the substrate which could be relatively easier to
detect, rather than a key biological entity from the organism under study.

3D-OrbiSIMS Mass Spectrum Mass ion Intensity vs Frequency
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Fig. 7 Exemplar data set (A) Mass spectrum (6=7-1125 mz) and (B) for log10(intensity counts) vs

log10(frequency) of mass ions produced for C. elegans Run 3 XY Planar Image 1.
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In the context of omics, the data sets under consideration as part of this study, Z or XY axis, are
large and potentially very complex. The C. elegans genome is thought to contain >17,300 genes [87]
with more recent analysis suggesting this corresponds to >19,000 protein-coding genes [32].
Estimates of the C. elegans metabolome suggest that there could be >10,000 distinct molecules
based on recent new metabolites [88]. Therefore, the initial numbers produced from the mass
spectrometry suggest that not all mass ions identified are related to the nematodes under study.
These additional molecules could relate to substrate ITO and nutrients in the from Agar and E. coli.
Furthermore, the chemicals that have been identified are a combination of intact metabolites and
their fragments. This is because SIMS is a destructive technology, which requires bombardment of
heavy ions onto surfaces to release and fragment molecular species for analysis. Although not the
focus of this study, it is also important to note the data acquired from XY data is hyperspectral, such
that each pixel contains a mass spectrum. This information can be used to determine spatial location
of chemistries in XY axis as well Z axis through depth profiling.

3.2 Data Extraction

From prior experience SurfaceLab’s workflow is restricted due to a combination of software
limitations and computational power on computers that host the SurfaceLab. This experience has
been further compounded due to the 3D-OrbiSIMS mass accuracy, which > 4x the resolution of
conventional ToF-SIMS, and consequently produces > 4x the data. This has made data extraction
of 3D-OrbiSIMS data challenging. Therefore, to overcome these challenges opensource pySPM
software package and optimisations of workflows for SurfaceLab were investigated.

3.2.1 pySPM

pySPM is an excellent platform to study ToF-SIMS data as it permits its analysis in its entirety without
truncating large data files into smaller datasets, a challenge often experienced with SurfacelLab. This
is achieved by the pySPM library being able to open and analyse files generated by SIMS .ita . itm
and .its. 3D-OrbiSIMS, which is built on the SurfaceLab ToF-SIMS platform, produces file extensions
that include .itax, itmx and .itm. pySPM should have been able to open .itm files.

Initial efforts to study 3D-OrbiSIMS generated .itm files were not successful. This was because 3D-
OrbiSIMS generates .itm files produced using SurfaceLab version 7, rather than version 6.
SurfaceLab 7 has nuances in data formatting which make the files unreadable by pySPM (Error for
opening surfacelab? .itm file UnicodeDecodeError: 'ascii' codec can't decode byte Oxc2 in position
39: ordinal not in range(128)). SurfacelLab v6 files can be converted to SurfaceLab v7 file formats,
however v7 to v6 cannot be performed. Bearing this in mind the utility of pySPM was explored using
ToF-SIMS files produced using SurfaceLab v6 and the pySPM forum was contacted for support with
SurfacelLab v7 file formats (Sl Fig. S3). Using code generated in python (Sl Code S1) pySPM was
successfully able to visualise full mass spectra from data sets (Fig. 8A) and focus on subsections of
the spectrum (Fig. 8A) When compared to SurfacelLab this is extremely powerful, because it is
limited to a Graphical User Interface (GUI), which produce calling technical commands, especially
when there are large data files, as described above as .
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Fig. 8 Visualizations produced using pySPM, (A) full mass spectrum of P. pacificus ToF-SIMS
Surfacelab v6 data and (B) focused sectioned between 12 m/z and 15 m/z.
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Fig. 9 Calling for simple and complex chemical entities using pySPM. (A) carbon (“C”), (B) methyl
ion (CHs) (C) hydrogen sulphide (HS) (D) as methanethiolate (CHsS), (E) carboxylic acids (COOH)
and (F) carbamic acid, a common produced by amino acids during SIMS (NH,COOH).

The pySPM package also permits analysis of chemical entities by calling on the molecular formula,
e.g., “C” for carbon. The example in Fig. 9 shows how chemical entities can be called for carbon (C,
Fig. 9A), methyl ion (CHs, Fig. 9B) hydrogen sulphide (HS, Fig. 9C) as well as more complex
species, such as methanethiolate (CHsS, Fig. 9D), carboxylic acids (COOH, Fig. 9E) and carbamic
acid (NH.COOH, Fig. 9F), a common ion produced by amino acids during SIMS. This section of
code is extremely helpful for targeted analysis of mass ions that are known to be in the sample. With
respect to the data generated from 3D-OrbiSIMS data acquisition this may initially be less helpful,
as an untargeted independent analysis of mass spectrometry data will be investigated. This will
enable independent differentiation of species of C. elegans and P. pacificus.

pySPM also enables calibration of mass spectrometry data (Fig. 10). Calibration is important for
ToF-SIMS data as the mass ion is analysed by their time of flight, which can vary between
experimental runs. The calibration performed using pySPM permits visualisation of data before
(Fig.10 A&C) and after (Fig. 10 B&D) calibrations for around 12.00 m/z (Fig. 10 A&B) and a focused
subsection around 45.04 m/z (Fig. 10 C&D), using "C","CH","CH,","CHS" as mass ions for curve
fitting. In the example shown in Fig.10 the calibration prior to analysis was comparable to the
recalibrated fitting. A recalibration of the data is extremely helpful to ensure analysis and data
interpretations are accurate, as this step can be missed prior to collecting the data. However, with
respect to 3D-OrbiSIMS this feature maybe less helpful as all 3D-OrbiSIMS data is analysed by the
orbitrap rather than time of flight. The orbitrap detector is always calibrated to silver ion clusters prior
to data acquisition, meaning resultant mass peaks are extremely accurate. Nevertheless, this
approach could be used to identify acquisition and data discrepancies.

With mass calibration from ITA file With auto mass calibration
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Fig. 10 pySPM permits visualisation of data before (A&C) and after (B&D) calibrations for around
12.00 m/z (A&B) and a focused subsection around 45.04 m/z (C&D), using "C","CH","CH;","CHS"
as mass ions for curve fitting.
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Fig. 11 pySPM output for thresholding (A) total in intensity data to (B) values 0.6 (yellow, ROI1) &
0.3 (green, ROI2).

pySPM also permits thresholding of intensity data to set values (Fig. 11A&B). This is valuable as
relative differences can be visualised with different colours. With respect to this project this
visualisation could be used to map where certain chemistries are present on nematode surfaces or
subsections.

In summary, pySPM is a powerful tool that permits augmentation of SIMS data outside of
SurfacelLab. Should developer support be received it will be endeavoured to use pySPM to study
3D-OrbiSIMS data (S| Fig. S2). Until then Surface Lab v7 will be used to produce meaningful data
for analysis.

3.2.2 SurfacelLab

Compromises were made to access the most amount of data without the processing timing out
before they complete. This was completed by identifying the level of noise, understanding the limits
of data output and merge each data set (in the absence of repeat values), such that mass ion
intensities could be compared between samples.

Noise level elimination was achieved by manually scanning the max (1x10° au) and min intensity
(1x102 au) counts to identify a level of background intensity within the data set which was classified
as noise (Fig. 7B). Across all samples this was identified as intensity counts that 3x102 au. Data
output limits for each sample were identified as approximately ~20,000 mass ions. This limitation
effectively reduces the Z axis datasets 56.5% (Z axis data sets typically 46,000 mass ions) and XY
axis data sets by 92% (XY axis data sets typically 250,000 mass ions). This has limitations, but this
method provided a starting point for preliminary data analysis.

The next stage was to produce a master peak list that accounted for all the chemistries of all the
samples under study. SurfacelLab provides methods to combine peak lists based on intersection,
exclusive intersection and union (Fig. 12). Intersection would enable analysis of mass ions that are
found in all samples. This approach may exclude mass ions that are unique to a sample or species.
According to surface lab exclusive intersection enables study of mass ions that are unigue to each
sample. This approach may exclude chemistries that are present in each sample but are present in
differing intensity counts. Union indiscriminating combines all peaks into a single library. This
approach was taken forward as it permits non-discrimination between mass ions and includes all
data between each sample. Initial efforts to take the union of all mass ions from the samples was
challenging, as data without noise exceeded the ~20,000-output limit. Therefore, a further
compromise was made such 5000 mass ions that exhibited the greatest intensity from each sample
were used to produce a unionised master peak list of 24,667 mass ions or each of the 15 samples
under study (excluding duplicate and artefact data).
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Fig. 12 Surface lab master peak list production diagram. SurfaceLab provides methods to combine
peak lists either which have been termed intersection, exclusive intersection or union in the absence
of repetition of m/z value to 2 ppm [89]. In this study all peak lists were integrated as union.

It is important to note by selecting only the highest intensity 5000 peaks from each sample there is
no certainty these peaks are exclusive to the nematodes understudy of the substrate on which they
are deposited. This is because that substrate or contaminating material (E. coli and Agar) could
produce data artefacts. Furthermore, the data is extremely rich, this is because the XY data contains
3,600 mass spectra for each pixel under study, which when considering the 24,667 mass ions and
11 XY samples and 5 Depth samples, selected for study this produces ~1x10° data points. To
simplify the data set all image data will be considered as a single data set rather than 3600 mass
spectra. Therefore, the data that will be analysed going forward will include 16 different data sets (C.
elegans Z axis = 2 XY axis = 6 & P. pacificus Z axis =3 and XY axis = 4) each with intensities for
24,667 mass ions. This equates to 394,672 datapoints.

3.3 Holistic Data Analysis

To facilitate development of multivariate and unsupervised analysis image data was collated into a
single mass spectrum for each sample. Although not a focus of this report future analyses will
conduct hyperspectral data analysis, where each spatial coordinate (voxel) will contain a
corresponding mass spectrum and analysed for global differences and between samples within a
sample. Multivariate analyses of Principal Component Analysis (PCA) and Principal Co-Ordinate
Analysis (PCoA) were conducted on whole datasets (15), prior to filtration using R studio (Code 2).

3.3.1 Multivariate Analysis

PCA was used to identify similarities and differences between the data set between organisms. R
studio was used to automate analysis (Code 2). Initial PCA analysis began comparing 15 different
data sets (C. elegans Z axis = 2 XY axis = 6 & P. pacificus Z axis = 3 and XY axis = 4), Fig. 13).
Variances (or eigenvalues) gradually decrease from PC1 to PC15 (Fig. 13A), where 95% of
variance falls between PC1-PC11, with the greatest variability within the data set is within PC1 (25%
variance), and between PC 1-3 (57%). Three-dimensional principal component scores plot for PC 1,
2 and 3 for the C. elegans and P. pacificus species exhibit no observable differences between
species (Fig. 8B). This is confirmed by scores plots for PC1 vs PC 2 (Fig. 13C), PC1 vs PC3 (Fig.
13D) and PC2 vs PC3 (Fig. 13E). These illustrations highlight with 95% confidence intervals that
there are no observable differences between the samples.

PCoA using Euclidian, Manhattan, Maximum and Canberra geometrical distances also confirmed
there were no observable differences between the samples (Fig. 14). From the geometrical
distances used Canberra distances appeared to highlight subtle separation of the data, with two
datapoint appearing outside of the intersecting 95% confidence ellipses. This was anticipated as a
benefit of Canberra PCoA because it demonstrates greater performance where values are close to
zero, as was the case with this data as each data point was normalised to the sum of intensity counts
for each sample dataset. Due to this increased data separation Canberra PCoA coordinates were
used to cluster K-Means for unsupervised data analysis.
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Fig 14 PCoA for 3D-Orbisims (15 samples) data set calculated using Euclidian, Manhattan,
Maximum and Canberra distances.

3.3.1 K-Means Analysis

K-means analysis was conducted to determine if the data sets could be separated based on species
(C. elegans & P. pacificus, centres = 2) as well as species and data type (C. elegans Z & XY and P.
pacificus Z & XY, centres = 4), The predicted and experimental tables are shown in Table 6.

Table 6 Predicted and experimental K-means for Centres = 2 & 4, species differentiation (C. elegans
& P. pacificus) as well species and image types of separation (Z & XY). K-means iterations = 1x10°.

Centres = 2 Centres =4

Predicted | Experimental Predicted | Experimental
Clusters 1 2 1 2 Clusters 112|13[4]112]3]|4
C. elegans 8 0 4 4 C.elegans |2|6|0]0|1]3]|2]2
P. pacificus | 0 7 3 4 P.pacificus |00 |3 (4|2 ]|1]2]2
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Fig. 15 K-means data clusters mapped on to Canberra PCoA for visual representation of
unsupervised data analysis for centres = 2 & 4, species differentiation (C. elegans & P. pacificus) as
well species and image types of separation (Z & XY), respectively. Colours correspond to clusters
identified in Table 6. K-means iterations = 1x10°.

The holistic data analysis using multivariate (PCA and PCoA), and K-means were unable to separate
based on centres 2 & 4 when comparing predicted and experimental values (Fig. 15). This could be
because the data sets contain a mixture of Z and XY axis data as well as significant noise from
substrates. Therefore, analyses were conducted through stages of data filtration and classification.

3.4 Filtered Data Analysis

3.4.1 Elimination of Z Axis Data

Initially, Z axis data was eliminated. This is because it was not sensible to combine both Z and XY
data, as the datasets are of different sizes (Z = ~46K and XY = 250K mass ions). Multivariate analysis
of PCA and PCoA indicated that subtle differences between data sets was observable. PCA
Eigenvalues indicated that 72% of variance within the data is found between PC1, PC2 and PC3,
which has increased 1.26x from data that included Z axis data. (57%, Fig. 16A). PCA scores plot
comparing PC1, PC2 and PC3 (Fig. 16B) also suggests that the data potentially separates between
species. However, when analysis PC1 vs PC2, PC1 vs PC3 and PC2 vs PC 3 scores plot (Fig. 16A-
C), the data do not sperate from each other based on the 95% confidence limits ellipses. Interestingly
PC1 vs PC2 scores plot suggests that there is greater data variability for C. elegans than P. pacificus,
such that C. elegans 95% confidence limit consumes the P. pacificus dataset (Fig. 16A). This
observation is also true for PCoA for Euclidean (Fig. 16E) and Manhattan distances (Fig. 16F).
PCoA Maximum (Fig. 16G) and Canberra (Fig. 16H) geometries appear to exhibit a reduction in
absolute difference between C. elegans and P. pacificus, and potentially indicate datasets for
species could separate. However, it is important to note both confidence intervals for both Maximum
and Canberra geometries are not exclusive, and no significant differences were observed (p<0.05).
Unsupervised K-means analyses, comparing predicted data separation also do not effectively
partition species (Fig. 17A). This observation is also confirmed by the data visualised on Canberra
PCoA Plots (Fig. 17B). These finding suggest further data filtering is required in order to speciate
the sample based on mass spectrometry data. This filtering could include elimination of substrate
chemical data as well as direct comparison of chemical groups which include amino acids,
phospholipids, fatty acids, ceramides, triglycerides, sulphates and nucleic bases. This filtration will
be explored with Secondary lon Mass Spectrometry Molecular Formula Prediction (SIMSMFP) tool
on datasets in the absence of Z axis information.
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Fig. 17 K-means predictions & data clusters mapped on to Canberra PCoA for data analysis for
centres = 2 for species differentiation (C. elegans & P. pacificus). K-means iterations = 1x10°.
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3.4.1 SIMSMFP

SIMSMFP is a bespoke app developed for Matlab and permits filtering of SIMS data sets by
searching mass ions based on the molecular formula and accurate mass (SI Code 3). This was used
to eliminate unwanted ions, such as those mass spectra associated with substrate, as well as group
chemistries that are thought to be present in nematode species. Once biological mass ions (proteins,
carbohydrates and lipids) were filtered they were rescreened using multivariate analysis to determine
major trend in their presence across species.

3.4.1.1 Eliminating Mass lons Associated with Substrate

Mass ions from 75 — 1125 m/z were searched for the presence of interfering background mass ions,
which include molecules containing Silicon (Si) Hydrogen (H) and Oxygen (O) in any combination to
eliminate silica and any of its complexes with hydrogen (SinOn & SinOnHn). In addition, this filtration
still also consisted of molecular searches of Indium isotopes (*:3In = 4.28% and *°In 95.72% natural
abundance [90]), tin isotopes (}°Sn = 14.54%, 8Sn = 24.22% and '*Sn = 32.58% natural
abundance [90]) in any combination with Oxygen and Hydrogen to account for surface coating on
glass substrates for indium tin oxide (InThOn & 1,TnOnHn). Therefore, any molecular mass that
containing any combination of SinOnOnHn'*3IN,1%IN,118SN,118SN,129SN, were eliminated from the
master peak list. This process reduced the master peak list containing 24667 mass ions by 29% to
17514 mass ions (Table 7). SIMSMFP permits search of master peak lists, but it does not allow
direct multivariate analysis on groups of data pre and post filtering. Therefore, code was developed
in R that permits search of the master peak list to filter retrieve mass ions and their intensities for all
data sets based on the SIMSMFP output (SI Code 4).

This approach eliminates operating SIMSMFP to match mass ions with mass intensities, which
means a single SIMSMFP run when combined with the R-code can be used to produce data sets
which multivariate analysis can be performed. This filtered dataset was re-examined using PCA,
PCoA and K-means analysis to observe if data sets could be separated between species (Fig. 18).
PCA of filtered data sets that eliminate background suggest that greater variability of the data is
concentrated in PC1 (37%, Fig.18A), when compared with unfiltered data (24%). However, the
variability within the first three data sets (PC1-3, 64%) is less than unfiltered data (PC1-3, 72%).
Datasets appear to separate again in 3D for PC1-3 (Fig. 18B), however distinct groups have not
been identified when comparing the confidence intervals for PC1-3 (Fig. 18C-E) as well as PCoA
analyses (Fig. 18E-H). A key feature observed from this data is that PC1 vs PC3 data appears to
show an extremely low variance and narrow confidence interval for P. pacificus data (Fig. 18D),
although all the P. pacificus data is still enveloped by the C. elegans 95% confidence interval ellipse.
K-means analysis show unsupervised methods also do not follow data predictions (Fig. 18I), such
that data do not partition based the species being studied (Fig. 181&J).

Table 7 SIMSMFP was used to eliminate background chemistries and group chemistries found in
biological systems from the master peak list. Remaining mass ions after background elimination and
grouped chemistries were calculated as a percent of master peak list. Where ‘n’ integer value.

Description Molecular Formula Mass lons | Percent %
Total - 24667 100.00
Background Elimination SinOnH3IN 181N, 18S N, 18S N, 120GN, 17513 71.00
Fatty Acids CiHnO2 381 1.54
Triglycerides CnHnO¢ 873 3.54
Sulphates ChHnOnSyt 1634 6.62
Ceramides CnHnOnN1 1770 7.18
Phospholipids ChHaOnNWP1 4003 16.23
Amino Acids C<6H<20N<4O<3” 285 1.16
Nucleic bases C<sH<sN<sO<x 107 0.43
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These data suggest C. elegans and P. pacificus, when studied using mass spectrometry and
eliminating data for substrate, are chemically very similar. Therefore, additional approaches that
group chemistries together will be required as shown in Table 7, in order to facilitate differentiation
of species using mass spectrometry-based methods.

3.4.1.2 Grouping chemistries together for differentiation of species

The master peak list was used to group chemistries of amino acids (C<sH<20N<4sO<37), ceramides
(ChHnOnN17), phospholipids (phospholipids), fatty acids (C,HnO2") triglycerides (triglycerides)
sulphates (CnHnOnS:") and nucleic bases (CsHeNsO2?) from the master peak that had eliminated
substrate (SinOnHn*3IN,1%1IN,11eSN,118SN,120SN,7) and substrate coating (Table 7, [66]).

It is important to note that once mass ions were grouped, they were not eliminated from additional
SIMSMFP searches. For example, fatty acids and triglycerides differ through the addition of 4 oxygen
atoms and they both differ from sulphate and ceramides through the addition of a single sulphur or
nitrogen atom, respectively. Through successive additions of elements from fatty acids (1.54% of
master peak list) to phospholipids (16.23% of master peak list) there is an observed increase in the
percentage representation of the master peak list. This observation highlights key ambiguity with this
method and SIMSMFP analysis for complex biological systems, as classes of compound are
inherently linked such that phospholipids searches could include all mass peaks for fatty acids,
triglycerides and ceramides. SIMS would be unable to differentiate the phospholipid from the fatty
acid as it could be fragmented from the phospholipid or fatty acid. To provide greater certainty of
exclusivity of mass ion filtration, greater specificity was added to searches for amino acids (1.16%
of master peak list) and nucleic bases (0.43% of master peak list), by limiting the number degrees
of freedom of ion maximum values.

Although not performed as part of this study, the key advantage of 3D-OrbiSIMS in this study is that
it is capable of mass spectrometry/mass spectrometry (MS/MS), which permits identification of mass
ion lineage. MS-MS would be able to determine if phospholipids were fatty acids or not, by trapping
and analysing precursor ions and fragmentation and analysing them with an external ion trap.

In general, the multivariate analysis and unsupervised K-means data analysis for grouped
chemistries suggests there are no distinct observable differences between C. elegans and P.
pacificus datasets (Fig. S4-S10). By initially considering the PCA data grouping chemistries for
biological type, enhances the variability observed in PC1 for all samples (>46% of the variability,
Table S1), in comparison to the whole data set (24%, Fig. 13) and filtered data (29%, Fig.16). The
greatest variability is observed in PC1 for fatty acids (65%) and triglycerides (63%), with 95% of
present between PC1-PC5. 3D PC plots for amino acids (Fig. S3B) and sulphates (Fig. S7) appear
to separate data sets, however no 2D principal component scored plots separate the data for C.
elegans and P. pacificus completely when comparing PC1 vs PC2 PC1 vs PC3 and PC2 vs PC3, at
95% confidence intervals. The data for the ceramides appear to show the begging of separation
between the data sets for PC1 vs PC3 and PC2 vs PC3 however, with two data points away from
95% confidence intervals.

There is also an absence of distinct data sets with 95% confidence for PCoA. For Euclidean,
Manhattan and Maximum PCOA, in general, C. elegans variability is greater than that of P. pacificus,
except for nucleic bases (Fig. S5E-S5H), as suggested by the 95 % confidence intervals. Canberra
distances appear to show marginal separation of the data sets such that P. pacificus images XY 3
and XY 4 and reside outside of the confidence intervals (images correspond to Run 3 images 4 &
5). This observation has been confirmed in literature which shows, Canberra distance calculations
are suited for values close to 0, where it is more sensitive to proportional than to absolute differences
[91]. Furthermore, this observation becomes apparent in higher dimensional space with increasing
number of variables, where its utility has shown to be effective to identify deviations from normal
measurements [92].
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Table 8 Summary of K-means analysis clustering power for molecular subgroups of mass
spectrometry data. Successful 100% percentage was attributed to analyses that clustered 6 datasets
for C. elegans and 4 for P. pacificus.

Molecular Groups | Clustering Percentage %
Amino Acids 70
Nucleic Bases 60
Fatty Acids 90
Triglycerides 90
Sulphates 60
Ceramides 60
Phospholipids 60

K-means analysis has shown that there is mixed success between differentiation of species using
mass spectrometry data. No groups of chemistry were successfully clustered species based on
known understanding of data set where C. elegans and P. pacificus consisted of 6 and four samples,
respectively, (Table 8). However, data for fatty acids and triglycerides demonstrated 90% efficacy in
partitioning. C. elegans XY 4 (corresponding to Run 3 XY 2) was the only that failed cluster correctly.
This K-means analysis data suggests that mass ions for fatty acids and triglycerides for the surfaces
of nematodes may differ to a greater degree than data for amino acids, nucleic bases, sulphates,
ceramides and phospholipids.

In summary, multivariate and unsupervised learning, has demonstrated mixed successes. PCA and
PCoA has been unable to separate the data effectively in 2D, whereas data 3D represents principal
components, for amino acids and sulphates, appears to show data clustering. Methods such as
Canberra based distance matrix may provide an important analysis to be useful should there
ultimately be more data to analyse, due to its potential to highlight subtle differences between mass
ions. Unsupervised learning has highlighted there may be differences in nematode surfaces based
on fatty acids and triglycerides. Based on the grouping criteria the molecular formula for these
chemistries is very similar, with the addition of a maximum of 6 oxygen atoms for triglycerides rather
than 3 for fatty acids. This could suggest that in general the surface chemistries of nematodes are
similar, with respect to amino acids, nucleic bases and sulphate, ceramides and phospholipids,
however, the fatty acid and triglyceride component is that differentiating chemistry on nematode
surfaces. The data sets for fatty acids and triglycerides will be taken for confirmation of their
clustering using hierarchical clustering, visualised using dendrograms and heatmaps.

3.4.1.3 Hierarchical Clustering (HAC)

HAC was used to visualise the findings from unsupervised K-means analysis for fatty acids (Fig.19
&20) and triglycerides data sets with dendrograms and heatmaps. In addition, the statistical package
R also permitted production of cluster plots, for an alternative method for visualising data similarity.

Fatty acids grouped mass ions dendrograms appeared to show grouping of C. elegans data and P.
pacificus data, with the exception Elegans XY 4, which clustered with P. pacificus data, when the
dendrogram was cut clustering of 2 (Fig. 19A). By examining the clustering between the C. elegans
data set the dendrograms highlighted the similarity of the data between Experimental Runs 2 and 3,
as data for Elegans XY1 & XY2 were grouped together as were Elegans XY 3, XY5 and XY6. Elegans
XY5&6 appeared to be more similar than Elegans XY3. These grouping were also highlighted
visually with a cluster plot (Fig. 19B).

The heatmap dendrograms clustered C. elegans data and P. pacificus data similar to the
dendrograms, with the exception Elegans XY 4 (Fig. 19B). Clustering was also the same for C.
elegans data however, there were subtle differences between how the Elegans XY4 grouped with
P. pacificus data. The heatmap was also able to group the mass ions contributing the clustering of
data. This may provide an insight in MS/MS like chemical lineage. However, it is important to note
the extraction of this data is challenging, as the colour heatmaps show there is tight grouping which
are difficult to visualise at this scale.
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Triglyceride mass groupings were also visualised using dendrograms cluster plots and heatmaps
(Fig. 20A-C). The dendrogram (Fig. 20A) and the dendrogram featured on the heatmap (Fig. 20C)
are the same. The cluster plot visually represents the data well and highlights how the clusters have
been grouped together (Figurel5B). Similar to the fatty acid data, it is not possible to use the colour
heat map to determine which chemistries differentiate the mass ions and species.

It is unclear the reasons behind Elegans XY 4 being differentiated from the other C. elegans data,
as they were captured sequentially from the same ITO coverslip. However, if the methods of data
analysis are accurate there may have been sample contamination corresponding to incomplete
separation of data. It is not possible to revisit the sample as they are no longer available, however,
more data may clarify the efficacy of this method. Replotting the fatty acid (Sl Fig.S11&12) and
triglyceride data (S| Fig. S13&14), for PCA and PCoA suggests there are again no apparent
differences between species (Sl Fig. S11&13). K-means, dendrograms and heatmaps show fatty
acids components differentiate accurately (S| Fig. S12) into the species (Sl Fig. S12). However, the
triglyceride data do not separate as predicted with sample type (Sl Fig. S14). Here C. elegans XY
1&2 are group together and C. elegans 3, 5 & 6 as well as P. pacificus XY 1, 2, 3 & 4 are clustered
together. Therefore, the clarity on the contamination still requires further investigation or more
samples to confirm see the methods described in this study can differentiate species.

In summary, HAC is an excellent method to visualise datasets and cluster based on similarities. This
was evident with fatty acids and triglyceride grouped chemistries which appear to group in clusters
identified using K-means analysis. These were represented as dendrograms, cluster plots and
heatmaps, of which dendrograms and cluster plots facilitated data visualisation of greatest similarity
the. The heatmaps complemented dendrogram data but were challenging to interpret which
chemistry clusters contributed to differentiation of species of C. elegans and P. pacificus.

4. Conclusion

3D-OrbiSIMS is a ground-breaking instrument that has the potential to speciate whole organisms,
and their phenotypes, based on their mass spectrogram, as well as potentially develop a spatially
located metabolite map and MS/MS based chemical lineages tracking. However, for this potential to
be realised bioinformatic methods must be developed to understand the vast quantities of data
produced using the method. This study discussed the development and application of bioinformatic
methods that capitalise on existing solutions (pySPM) and newly developed scripts for written in R
& and MatLab (SIMSMFP) to improve the understanding of 3D-ObiSIMS data sets for nematodes C.
elegans and P. pacificus. Study outcomes with respect to the project aims and objectives are
highlighted below.

1) Preparation of samples and acquisition of 3D-OrbiSIMS data for C. elegans and P. pacificus for
data analysis

Data for C. elegans and P. pacificus were obtained from 3D-OrbiSIMS in negative and positive
modalities in Z & XY axis. Negative modality data (16 datasets) was taken forward due to its utility
for studying biological data sets abundance of chemical information when compared to positive
modality. Due diligence was conducted to eliminate sample repetition such that C. elegans Z axis =
2 XY axis = 6 & P. pacificus Z axis = 3 and XY axis = 4 were taken forward for analyses.

2) Evaluate the utility of existing platform for analysis of ToF-SIMS and 3D-OrbiSIMS data.

Opensource applications such as pySPM have been developed to overcome data handling hurdles
with SIMS software. However, pySPM did not work with 3D-OrbiSIMS files because of the version
change from 6 to 7, therefore its utility to this project was limited to its potential capabilities rather
than actual. The theoretical potential was gauged though the analysis of ToF-SIMS data produced
using SurfacelLab version 6. pySPM was extremely powerful at accessing full spectrum data from
ToF-SIMS and SurfacelLab v6 (rather than 3D-OrbiSIMS and SurfacelLab v7). Nevertheless, pySPM
was able to effectively manipulate data to calibrate to known mass ions to improve data
interpretation. This is valuable when studying ToF-SIMS data as there is often ambiguity on data
calibration. Therefore, an independent data calibration would permit formulation and interpretation
of meaningfully information.
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Currently, the 3D-OrbiSIMS is pre-calibrated prior to each experimental run using a silver ion source
which can take in excess of 30 minutes to complete. This is an important consideration as 3D-
OrbiSIMS costs £140 hour to operate (E70 for the 30 minutes). Therefore, over a day booking this
can cost £1120 (8 hours). Therefore, time saved on calibration may permit the inclusion of an addition
experiment, which may not be possible without additional time or cost. pySPM'’s inbuilt calibration
could potentially be used to overcome this data acquisition obstacle and streamlined during the data
manipulation phase.

In addition, pySPM was also able to produce false colour heatmaps based on thresholding. This
feature would be extremely powerful for spatial determination of key metabolites for whole organism
analytics. The pySPM would be extremely valuable to the community of researchers working with
3D-OrbiSIMS and SurfaceLab v7 data files and support has been requested to permit data
integration. As this was not available for this project bespoke tools alongside SurfaceLab 7 were
explored to build bioinformatic methods.

3) Develop and apply the efficacy of multivariate analysis to study and speciate mass spectrometry
data for C. elegans and P. pacificus.

Holistic multivariate analysis that considered both Z axis and XY axis data were unable to completely
separate species in 2D or 3D when considering principal components of PC 1, PC2 and PC3. This
observation was also true for PCoA analysis using Euclidian, Manhattan, Maximum and Canberra
distances. At this stage it was decided that incorporation of both Z axis and XY data sets was not
sensible. This is because Z axis and XY axis consisted large variation in number of initial data points
and were no longer considered comparable (Z = ~46K and XY = 250K mass ions). Elimination of Z-
axis data were also unable to group data sets for species in PCA and PCoA in 2D, however, 3D
scores plot appeared to show clusters of data for C. elegans and P. pacificus. Unsupervised K-
means with or in the absence of Z axis data was unable to separate species. These observations
were thought to be because the nematode samples are extremely similar, due to noise from the
substrate as well as composition of biological chemistry. Therefore, to overcome this SIMSMFP was
used to filter data into chemical groups to facilitate mass spectrometry-based differentiation of
species.

SIMSMFP was used to eliminate substrate chemistry and group chemistries for fatty acids,
triglycerides, sulphates, ceramides, phospholipids, amino acids and nucleic bases. This method
highlighted that the substrate ions accounted for a substantial proportion of the master peak list
(29%). However, upon its elimination from the datasets very few observable differences were
identified from either multivariate or unsupervised analysis methods. Data were still visible in distinct
groups when PC1, PC2 and PC3 scores were visualised on a 3D scatter plot and PC1 percentage
of variability did increase. Therefore, the sub-groups of chemistries were studied for their potential
to speciate using the mass spectrometry data.

Multivariate analysis for the subgroup data were unable to effectively separate the species of
nematodes. PCoA using the Canberra method demonstrated 90% accuracy for the separating C.
elegans and P. pacificus, although incomplete. This was thought to be because of Canberra’s
distance matrices being extremely sensitive to values close to zero, which a major characteristic of
these data which has been normalised to total ion count for each molecular subgroup. PCA and
PCoA are often used for large data consisting of many variables. The data sets considered as part
of this study do consist of multiple variables (mass ions) however the number of data sets is low
(total = 10, C. elegans = 6 and P. pacificus = 4). Therefore, to improve the performance of PCA or
PCoA more data could be collected.

4) Develop and apply unsupervised analysis methods to study and speciate mass spectrometry
data for C. elegans and P. pacificus.

Unsupervised learning methods of K-means and hierarchical cluster analysis were unable to
completely differentiate C. elegans and P. pacificus when analysing molecular subgroups but
demonstrate success for fatty acids and triglycerides to 90% efficiency when compared to data
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predictions. Dendrograms and heatmaps provided an elegant solution to visualise differences and
K-means cluster plot provided visual representation of distances between data matrices. These
methods were simple to apply in comparison to multivariate analysis and were able to provide both
quick and visual clarity on data representation. This was vastly improved by having prior knowledge
of how the data sperate in to the two species but may also prove advantageous for studying unknown
samples and clustering data.

The molecular subgroups of fatty acids and triglycerides are inherently linked. Based on the
SIMSMFP searches performed they could consist of any number of carbon and hydrogen atoms,
but fatty acids are constrained to a maximum of 2 oxygen molecules whereas triglycerides are
constrained to maximum of 6 oxygen atoms. Therefore, the triglyceride data set also contains of the
fatty acid mass ions.

Future studies could be conducted that eliminates the mass ions for fatty acids either in SIMS MFP
or in R-Studio that constrains the search to 3-6 oxygen atoms. This exclusive triglyceride mass ion
list could then be further investigated to chemistry that differentiate C. elegans and P. pacificus. Fatty
acids, triglycerides and sulphates like molecular groups have been previously identified on the
surface of nematodes [61]. Research conducted investigating the parasite nematode Necator
americanus has shown moieties that resemble triglycerides heparan-sulphates, which are though to
facilitate human infection on deposited moulting sheaths at the site of infection. These observations
may provide support that in general the surfaces of C. elegans and P. pacificus are similar in all
molecular groups except for their fatty acid or triglyceride component which could be important for
physiology and behaviours. With respect to P. pacificus, identification of surface based fatty acids
and triglycerides could contribute to cannibalistic behaviour in non-kin nematodes in the absence of
nutrition.

5) Evaluate the efficacy to multivariate _and unsupervised analysis methods to study whole
organism mass spectrometry data sets.

In summary, this project has highlighted that nematode can be studied using advanced mass
spectrometry methods. The data acquired are vast such that the mass ion information is comparable
to the genome or proteome data sets of nematodes, which upon validation will be available to the
research community via a dedicated or current metabolome map (e.g., LIPIMAPS, HMDB). Genome
[93] data, transcriptome [94] and proteome [35] data have been able to separate differentiate
nematode species. The mass spectrometry data sets are complex, such that certain mass ions mass
be components or fragments of larger molecules that require further analysis methods such as
MS/MS or overcome data ambiguity. Bioinformatic methods can be used to reduce the complexity
of the data thought multivariate analysis (PCA, PCoA) and unsupervised clustering (K-Means &
dendrograms). Multivariate analysis was unable to speciate the data set in 2D however, in some
cases the data did partially separate in 3D when comparing principal components with the greatest
variability. Multivariate analysis is better suited to large datasets and as the results have shown they
may not be the best approach to evaluate the current small datasets. Unsupervised analysis
methods exhibited success in differentiating datasets for subgroups of fatty acids and triglycerides.
Along with literature, this provided support to suggest these classes of compounds are potentially
important for nematode physiology and behaviour. However, it is important to note further data and
analyses are required to validate these findings. Therefore, this study will pave-the-way for future
studies analysing nematodes using mass spectrometry and bioinformatic methods, which could
produce a complete metabolic map that will provide insight into the role of key molecules and ions
important for of whole organism development.
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5. Future Work

The bioinformatic tools developed and applied as part of this study have potential to contribute
significantly to the understanding of whole organism metabolomics. However, further work is
required to validate the utility of the methods described in this study. Therefore, short medium and
longer goals have been identified to take this research to the next level.

5.1 Short-Term (Months 1- 6)

Determine identity of mass ions that cluster data sets — This will provide guidance to the surface
chemical properties of nematodes and potentially reasons behind observed differences include
cannibalistic behaviour and include kin predation.

Separate existing sample data into individual nematode data — This reclassification of data would
permit greater utility of multivariate analysis which is best suited to large sample sets. Therefore,
PCA and PCoA could be revisited to determine if multivariate methods could also cluster C. elegans
and P. pacificus.

5.2 Medium-Term (Months 6-24)

Gather more data — It is evident that this study would benefit immensely from having more data to
study. Therefore, should the 3D-ObSIMS be operational again more data will be collected for controls
(E.coli and Agar) and nematodes (C. elegans and P. pacificus).

Analyse positive mass spectra — The positive mode data will be revisited and analysed to determine
the identity of additional mass ions that are important for nematode physiology and behaviours.

Regions of interest in Z and XY axis — The Z axis information is extremely rich and could determine
the answers to key biological question such as “what is the spatial origin of ageing?”. This could be
achieved by studying nematode life cycles using mass spectrometry to determine which chemistries
are present or absent as a nematode develops and how these mass ions contribute to growth,
disease and phenotypic differences.

Analysis and manipulation of data outside of SurfaceLab — Development and application of tools
similar to pySPM will benefit the research community to advance data analysis practices of 3D-
OrbiSIMS produced using SurfacelLab v7.

Study genetic basis of predatory P. pacificus behaviour — Use 3D OrbiSIMS to gather surface mass
spectrometry data from Self-1 P. Pacificus mutants to determine is surface chemical differences can
be attributed predatory nematode behaviour.

5.3 Long-Term (Months 24+)

Translate fundings to overcome parasitic nematode disease. Translate the data analysis workflow
platform into an antigen discovery platform. | will investigate the role and function of N. americanus
surface-based antigens and their potential to produce “anti-poverty vaccines”.
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Surfacelab7 .itax & .itm file support #23

veeezy opened this issue on 10 Feb - 1 comment

veeezy commented on 10 Feb

Hi PySPM Team,
Thank you for this useful approach to analysing SIMS data.
I'am a new user of python and surface lab, so | apologise if there are any obvious oversights from me.

The method works great for studying .ita files from SurfaceLab 6 however | am having difficulty opening .itax and .itm files from
Surfacelab 7

Error for opening surfacelab? .itm file
UnicodeDecodeError: ‘ascii' codec can't decode byte 0xc2 in position 39: ordinal not in range(128)

If possible please could you inform me if there is support for lonToF Surfacelab 7 file formats in particular processing of .itax and
Aitm file formats.

Many thanks,

Vv

Fig. S3 Contacting support for pySPM for SurfaceLab v7 file integration [95].
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Fig. S4 (A-E) Multivariate analysis and (I-J) unsupervised multivariate analysis for SIMS filtered data
for amino acids (C<sH<20N<4O<3", 285 mass ions) on mass spectrometry data that eliminates substrate
of silica and ITO. (A) Principal component vs variance plot (B) 3D PCA scores plot for PC 1,2 & 3
(C) PC1 vs PC 2 (D) PC1 vs PC3 and (E) PC2 vs PC3. PCoA for 3D-Orbisims (10 samples) data
set calculated using (E) Euclidian, (F) Manhattan, (G) Maximum and (H) Canberra distances.
Ellipses show boundary of 95% confidence interval. (I-J) K-means predictions & data clusters
mapped on to Canberra PCoA for data analysis for centres = 2 for species differentiation (C. elegans
& P. pacificus). K-means iterations = 1x106°.
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Fig. S5 (A-E) Multivariate analysis and (I-J) unsupervised multivariate analysis for SIMS filtered data
for nucleic bases (C<sH<sN<sO<>, 107 mass ions) on mass spectrometry data that eliminates
substrate of silica and ITO. (A) Principal component vs variance plot (B) 3D PCA scores plot for PC
1,2&3(C)PClvsPC2(D)PClvsPC3and (E) PC2 vs PC3. PCoA for 3D-Orbisims (10 samples)
data set calculated using (E) Euclidian, (F) Manhattan, (G) Maximum and (H) Canberra distances.
Ellipses show boundary of 95% confidence interval. (I-J) K-means predictions & data clusters
mapped on to Canberra PCoA for data analysis for centres = 2 for species differentiation (C. elegans
& P. pacificus). K-means iterations = 1x10°6.
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Fig. S6 (A-E) Multivariate analysis and (I-J) unsupervised multivariate analysis for SIMS filtered data
for fatty acids (C,H,O2, 381 mass ions) on mass spectrometry data that eliminates substrate of
silica and ITO. (A) Principal component vs variance plot (B) 3D PCA scores plot for PC 1,2 & 3 (C)
PC1 vs PC 2 (D) PC1 vs PC3 and (E) PC2 vs PC3. PCoA for 3D-Orbisims (10 samples) data set
calculated using (E) Euclidian, (F) Manhattan, (G) Maximum and (H) Canberra distances. Ellipses
show boundary of 95% confidence interval. (I-J) K-means predictions & data clusters mapped on to
Canberra PCoA for data analysis for centres = 2 for species differentiation (C. elegans & P.
pacificus). K-means iterations = 1x106.
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Fig. S7 (A-E) Multivariate analysis and (I-J) unsupervised multivariate analysis for SIMS filtered data
for triglycerides (CnHnOs™, 873 mass ions) on mass spectrometry data that eliminates substrate of
silica and ITO. (A) Principal component vs variance plot (B) 3D PCA scores plot for PC 1, 2 & 3 (C)
PC1 vs PC 2 (D) PC1 vs PC3 and (E) PC2 vs PC3. PCoA for 3D-Orbisims (10 samples) data set
calculated using (E) Euclidian, (F) Manhattan, (G) Maximum and (H) Canberra distances. Ellipses
show boundary of 95% confidence interval. (I-J) K-means predictions & data clusters mapped on to
Canberra PCoA for data analysis for centres = 2 for species differentiation (C. elegans & P.

pacificus). K-means iterations = 1x106,
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Fig. S8 (A-E) Multivariate analysis and (I-J) unsupervised multivariate analysis for SIMS filtered data
for sulphates (CnHnOnS17, 1634 mass ions) on mass spectrometry data that eliminates substrate of
silica and ITO. (A) Principal component vs variance plot (B) 3D PCA scores plot for PC 1, 2 & 3 (C)
PC1 vs PC 2 (D) PC1 vs PC3 and (E) PC2 vs PC3. PCoA for 3D-Orbisims (10 samples) data set
calculated using (E) Euclidian, (F) Manhattan, (G) Maximum and (H) Canberra distances. Ellipses
show boundary of 95% confidence interval. (I-J) K-means predictions & data clusters mapped on to
Canberra PCoA for data analysis for centres = 2 for species differentiation (C. elegans & P.
pacificus). K-means iterations = 1x106.

Page 55 of 66



Ceramides

A . B
— 15
05
10
£ 04 5
2
s 0
g 0% PC3 -5
§ ~10 =40
S 02 -
¢ A5 20
20, ] PC1
01 5.0
-~ _VC) 20
[ °o
00 - = i - ) °
- &8 © T W © = ® ® C O
§ fF § & P & 8 & % £ v Flegans
Principal Component Pacificus

8 & ~ .
N E "~ . M

PC2

Organism [2] Elegans [5] Pacicus Organism [2] eregans [5] Pacicus Organism [=] eiegans [&] pachcus

Euclidian Manhattan Maximum Canberra

E [ _—

CoAt PCoA1l
Organism [ @egws [ prcue Organism [E] gsns [ paciicus Organism [ Eregans [B] pachens Orgarism [B] tegans [ Pocsss

| K-Means, Centres =2
h §f

Predicted Experimental
Clusters 1 2 1 2
C. elegans 6 0 3 3
P. pacificus 0 4 1 3

Fig. S9 (A-E) Multivariate analysis and (I-J) unsupervised multivariate analysis for SIMS filtered data
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silica and ITO. (A) Principal component vs variance plot (B) 3D PCA scores plot for PC 1, 2 & 3 (C)
PC1 vs PC 2 (D) PC1 vs PC3 and (E) PC2 vs PC3. PCoA for 3D-Orbisims (10 samples) data set
calculated using (E) Euclidian, (F) Manhattan, (G) Maximum and (H) Canberra distances. Ellipses
show boundary of 95% confidence interval. (I-J) K-means predictions & data clusters mapped on to
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Fig. S10 (A-E) Multivariate analysis and (I-J) unsupervised multivariate analysis for SIMS filtered
data for phospholipids (C,H.OnNnP1, 4003 mass ions) on mass spectrometry data that eliminates
substrate of silica and ITO. (A) Principal component vs variance plot (B) 3D PCA scores plot for PC
1,2&3(C)PClvsPC2(D)PC1vs PC3and (E) PC2 vs PC3. PCoA for 3D-Orbisims (10 samples)
data set calculated using (E) Euclidian, (F) Manhattan, (G) Maximum and (H) Canberra distances.
Ellipses show boundary of 95% confidence interval. (I-J) K-means predictions & data clusters
mapped on to Canberra PCoA for data analysis for centres = 2 for species differentiation (C. elegans
& P. pacificus). K-means iterations = 1x106.
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Fig. S11 (A-E) Multivariate analysis for SIMS filtered data for fatty acids eliminating C. elegans XY
4 (CyHnO2, 381 mass ions) on mass spectrometry data that eliminates substrate of silica and ITO.
(A) Principal component vs variance plot (B) 3D PCA scores plot for PC 1, 2 & 3 (C) PC1 vs PC 2
(D) PC1lvs PC3 and (E) PC2 vs PC3. PCoA for 3D-Orbisims (10 samples) data set calculated using
(E) Euclidian, (F) Manhattan, (G) Maximum and (H) Canberra distances. Ellipses show boundary of
95% confidence interval.

Page 58 of 66



>

Height

Height

Fatty Acids (Eliminating C. elegans XY 4)

Dendrogram Cluster Plot
B
w N
Z - h
° “\
«@ _| ﬁ
o 0=
g — g cluster
2 \ [#] 1
"krzvgoeesy f
S 8 8 8ii i wwm
Sam ple - . @ Dim1 tsé‘lg%) g
Heatmap
X7 Pacificus XY2
X8 Pacificus XY3
X9 Pacificus XY4
X6 Pacificus XY1
w
l_ X5 Elegans XY6 5
l_ =5
X4 Elegans XY5 @
‘ X3 Elegans XY3
— X2 Elegans XY?2
L X1 Elegans XY1
B oy ER SRR RS R e NI RYRAR S
gargggggggiwﬂﬁe:ﬂ%éggéggéﬁ
3§Wm§%;;§§3ém:Eg=an28agézﬁ
e R R e D e
23S xR2RRE IR AR REREATERREE
m/z

Fig. S12 Hierarchical clustering for fatty acid mass ion groupings, eliminating C. elegans XY4,

visualised using (A) dendrograms, (B) cluster plots and (C) heatmaps. Labels for X1-X9 in (B) are
labelled in colour coded key as shown in (C).
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Triglycerides (Eliminating C. elegans XY 4)
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Fig. S13 (A-E) Multivariate analysis for SIMS filtered data for triglycerides , eliminating C. elegans
XY4, (ChHnOs™", 873 mass ions) on mass spectrometry data that eliminates substrate of silica and
ITO. (A) Principal component vs variance plot (B) 3D PCA scores plot for PC 1, 2 & 3 (C) PC1 vs
PC 2 (D) PC1 vs PC3 and (E) PC2 vs PC3. PCoA for 3D-Orbisims (10 samples) data set calculated
using (E) Euclidian, (F) Manhattan, (G) Maximum and (H) Canberra distances. Ellipses show
boundary of 95% confidence interval.
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Triglycerides (Eliminating C. elegans XY 4)
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Fig. S14 Hierarchical Clustering for triglyceride mass ion groupings, eliminating C. elegans XY4,
visualised using (A) dendrograms, (B) cluster plots and (C) heatmaps. Labels for X1-X9 in (B) are
labelled in colour coded key as shown in (C).
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Table S1 Summary of principal component (PC) variances (V) and cumulative variances (CV) for
filtered mass spectrometry datasets. PC where 95% of CV highlighted in green.

U
O

Amino
Acids

Nucleic
Bases

Fatty
Acids

Trigly-
cerides

Sul-
phates

Cer-
amides

Phospho-
lipids

\% Cv

\% CVv

\Y, CVv

\Y, Cv

\% Cv

V Cv

\% Cv

0.48 | 0.48

0.46 | 0.46

0.65 | 0.65

0.62 | 0.62

0.61 | 0.61

0.52 | 0.52

0.51 | 0.51

0.19 | 0.67

0.21 | 0.67

0.14 | 0.79

0.16 | 0.78

0.10 | 0.71

0.12 | 0.64

0.17 | 0.68

0.09 | 0.76

0.12 | 0.79

0.07 | 0.86

0.07 | 0.84

0.09 | 0.79

0.08 | 0.72

0.09 | 0.77

0.07 | 0.83

0.08 | 0.87

0.06 | 0.93

0.06 | 0.90

0.06 | 0.86

0.07 | 0.79

0.06 | 0.83

0.06 | 0.89

0.06 | 0.93

0.03 | 0.96

0.04 | 0.94

0.06 | 0.91

0.06 | 0.84

0.06 | 0.89

0.06 | 0.95

0.03 | 0.96

0.02 | 0.98

0.02 | 0.97

0.03 | 0.95

0.06 | 0.90

0.06 | 0.95

0.02 | 0.97

0.02 | 0.98

0.01 | 0.99

0.02 | 0.99

0.02 | 0.97

0.04 | 0.94

0.02 | 0.98

0.01] 0.99

0.01| 0.99

0.01 | 1.00

0.01 | 1.00

0.02 | 0.99

0.04 | 0.98

0.02 | 0.99

OO NOO|O|AWIN|F

0.01 | 1.00

0.01 | 1.00

0.00 | 1.00

0.00 | 1.00

0.01 | 1.00

0.02 | 1.00

0.01 | 1.00

[N
o

0.00 | 1.00

0.00 | 1.00

0.00 | 1.00

0.00 | 1.00

0.00 | 1.00

0.00 | 1.00

0.00 | 1.00
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Code 1 Code for pySPM analysis

# -*- coding: utf-8 -*-

e

Created on Mon Jan 24 14:48:45 2022

Qauthor: Veeren Chauhan

e

import numpy as np

import matplotlib.pyplot as plt
import matplotlib as mpl

import pySPM

#print (pySPM._ version_ )

filename = r"C:\Users\Veeren Chauhan\Downloads\Americanus N2_Worm.ita"
A=pySPM.ITA (filename)
#A.show_summary (

# Create 3 subplots plots with a specific size. 21 seems to be the width of the notebook

fig, ax = plt.subplots(3, 1, figsize=(21, 3*3.5)) # ax 1s then a list of all axes

A.show_spectrum(ax=ax[0]) # plot it on top. With no other arguments, it plots the whole spectrum
A.show_spectrum(ax=ax[1l], low=11.9, high=15.2) # We can zoom in by specifying the low and high limits
A.show_spectrum around("C", ax=ax[2]); # We can zoom directly at a specific nominal mass with showSpectrumAround.
#It also displays known elements from a non-complete database

#Search for plots around certain masses

# Create 3 subplots plots with a specific size. 21 seems to be the width of the notebook

fig, ax = plt.subplots(2, 3, figsize=(21, 2*3.5)) # ax is then a list of all axes

ax = np.ravel(ax) # ax is a 2D array. Ravel makes it flat which allows us to type ax[0] instead of ax[0,0], ax[l] instead of ax[0,1]

etc.

A.show_spectrum around("C", ax=ax[0])

.show_spectrum around("CH3", ax=ax[l

]
[

A )
A.show_spectrum around("HS", ax=ax[2]);
A.show_spectrum_around ("CH3S", ax=ax[3]);
A.show_spectrum_around ("COOH", ax=ax[4]);
A x[5], include_only=["NH2COOH"]) ;

.show_spectrum_around ("NH2COOH", ax=a

#Check an recalibrate mass spectrum.

fig, ax = plt.subplots(2, 2, figsize=(21,6))

sf, k0O = A.auto_mass_cal(fitting peaks=["C","CH", "CH2","CHS"])
A.show_spectrum_around (12, ax=ax[0,1], sf=sf, k0=k0);

A.show_spectrum around(45.03, ax=ax[1,1], sf=sf, k0=k0, include=[""13CCH6N"]);
A.show_spectrum around (12, ax=ax[0,0]);

A.show_spectrum around(45.03, ax=ax[1,0], include=[""13CCH6N"]);
ax[0,0].set_title("With mass calibration from ITA file")
ax[0,1].set_title("With auto mass calibration");

#Produce graphs around nown ions aferauto calibration.
fig, ax = plt.subplots(l, 2, figsize=(21, 3.5))

A.show_spectrum_around("CHS", ax=ax[0], include_only="CHS", sf=sf, k0=k0)
A.show_spectrum around ("CH"34S", ax=ax[l], include_only="CHS", sf=sf, k0=k0)

pySPM.utils.plot_isotopes ("CHS", ax=ax[0]);
pySPM.utils.plot_isotopes ("CHS", ax=ax[1l], main=ax[0]); # main indicates which axis contains the main peak which will be used to fit
amplitude and sig if not in ax

#show spectrum around mass ion excluding and including peaks.

ig, ax = plt.subplots(l, 1, figsize=(21, 3.5))
v = A.show_spectrum around(45.03, sf=sf, k0=k0, include=[""13CCH6N"], exclude=["BO2H2","C2FH2"], dofit=True, ax=ax);

#Visulisation on amino acids on specturm.
import pandas as pd

values = pd.DataFrame (v) .transpose ()
values

from pySPM.utils import Molecule, H
M = pySPM.utils.Molecule ("C3H702NS")

fig, (ax, ax2) = plt.subplots(2, 1, figsize=(21,7))

A.show_spectrum(low=121, high=125, ax=ax, label="Cycteine: M+H", sf=sf-5, k0=kO0);
pySPM.utils.plot_isotopes (M+H, ax=ax);
ax.legend();

A.show_spectrum(low=240.5, high=243.5, ax=ax2, label="Cyctine: 2M-H", sf=sf-5, k0=kO0);
pySPM.utils.plot_isotopes (2*M-H, ax=ax2);

ax2.legend () ;

print (A.polarity)

A.get_intensity() .show ()

#produce heat map of cystiene
fig, ax = plt.subplots(l,2,figsize=(15,7))
SI = A.get_intensity(
ROI1 = 1-SI.get_bin threshold(.3)
ROI2 = SI.get_bin_ threshold(.6)
SI.show(ax=ax[0],flip=True)
pl = ax[1l].imshow (ROI1l, cmap='viridis')
p2 = pySPM.utils.plotMask(ax[1], ROI2, 'g')
lines = [
mpl.lines.Line2D([0], [O
mpl.lines.Line2D([0], [0], lw=4, color='g'),
mpl.lines.Line2D([0], [0], lw=4, color=mpl.cm.viridis.colors[0])]
ax[1l].legend(lines, ["ROIl1", "ROI2","Ignored"],loc='upper center');
sessionInfo ()

1, lw=4, color=mpl.cm.viridis.colors[-1]),
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Code 2 Code for holistic data analysis using R-studio

screen = read.csv("Union_Corrected 3 Total normliased.csv", header=FALSE,sep = ",") #Import Code

#Transpose and set headers
transnew = setNames (data.frame (t(screen[,-1])), screen[,1]

Organism=transnew$Species
Species= Organism#copy out species names
transnew2=transnew[,-1] #delete Species

#convert whole data to numeric
transnew2[] <- lapply(transnew2, function(x) as.numeric(as.character (x)))

#lapply (transnew2, class) # Check class

rownames (transnew2) = NULL #Set rownames to go in order of 1-17

#install.packages ("tibble") # Tibble helps column insertion
library("tibble™)

#insert Species name in column 1
transnew3=add_column (transnew2,Organism, .before=1)

#RemoveNa
transnew3l=transnew3[ , colSums(is.na(transnew3)) < nrow(transnew3)]

df=transnew31l

df2=df

#remove organism

df2=df[,-1]

#transpose

df3=data.frame (t (df2))

# write.csv(df3, "df3.csv", row.names = TRUE)
#sum of each column

#df3sums=colSums (df3)

dfd=sweep (df3,2,colSums (df3), /")

# write.csv(df4, "dfd4.csv", row.names = TRUE)
df5=data.frame (t (df4))

dfé=add_column (df5,0rganism, .before=1)
df2=df[,-1]
maxofdataset=max (df2)
min_max_norm <- function(x) {
(x/ maxofdataset)

}
df2norm= as.data.frame(lapply(df2, min _max_norm))

df2normnames=add_column (df2norm,Organism, .before=1)
#write.csv (df2normnames, "df2normnames.csv", row.names = TRUE)

S S o o o o o o HE S

transnew31=df6
ncol (transnew31l)

myPr=prcomp (transnew31[,2:24668], scale = TRUE) #Run PCA men centred and scaled

plot (myPr, type="1",main=NULL) #plot loadings
#biplot (myPr, scale=0) #margins too large

transnew4=cbind (transnew3, myPr$x[,1:10])
transnewd$PC1

#installed.packages ("ggplot2")

library (ggplot2)

p =ggplot (transnewd,aes(PC2, PC3, col = Organism, fill = Organism))+
stat_ellipse(geom = "polygon", col ="black", alpha =0.5)+
geom_point (shape=21, col="black")

p + theme (legend.position="bottom")

#install.packages ("plotly")

library (plotly)

plot_ly(data=transnewd,x=~PCl, y=~PC2, z=~PC3, type="scatter3d", mode="markers", color=~Organism)
# layout (title="PClvsPC2vsPC3"
xaxis=list (title="xaxis"),
yaxis=list (title="yaxis"),
zaxis=list (title="zaxis"))

= W

masses=colnames (transnew?2)
masses=t (masses)
rotationx=myPr$rotation

rotationx=as.data.frame (rotationx)

rownames (rotationx)=masses
rotationx=add_column(rotationx,masses, .before=1)
rotatonx

plot (rotationx$PCl, type="h", ylab="Loadings",col

S oW W W o S S 9

EigenValue=summary (myPr) $importance (2, ]

colnames (eigensomething)=c ("Variance")

barplot (EigenValue,ylim=c(0,0.3),xlab="Principal Component", ylab="Proportion of Variance",las=2)
#eigenrow=rownames (eigensomething)

#eigenrowl5=eigenrow ()

#eigensomething=add_column (eigensomething,eigenrow, .before=1)

#colnames (eigensomething)=NULL

#plot (eigensomething)
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#plot (eigenrow,EigenvValue, xlab="Principal Component", ylab="Proportion of Variance", ylim=c(0,0.3))

sum (eigensomething[1:3])
#plot (eigensomething)

#PCoA Plot
transnew2l=transnew3l
transnew21$0rganism<-NULL
transd=t (transnew2l)

#PCOA euclidean, manhattan, maximum and canberra
distance.matrix =dist (scale(t(transd)),method="canberra")

## do the MDS math (this is basically eigen value decomposition)
mds.stuff <- cmdscale(distance.matrix, eig=TRUE, x.ret=TRUE)

## calculate the percentage of variation that each MDS axis accounts for..
mds.var.per <- round(mds.stuff$eig/sum(mds.stuff$eig)*100, 1)
mds.var.per

## now make a fancy looking plot that shows the MDS axes and the variation:
mds.values <- mds.stuffSpoints

mds.data <- data.frame (mds.values)

Organism=Species

mds.data2=add_column (mds.data,Organism, .before=1)

colnames (mds.data2) <- c("Species","PCoAl","PCoA2")

#mds.data2

pcoa=ggplot (mds.data2, aes(PCoAl,PCoA2, col = Organism, fill = Organism))+
stat_ellipse(geom = "polygon", col ="black", alpha =0.5)+
geom_point (shape=21, col="black")

pcoa + theme (legend.position="bottom")

#K-means

#set.seed (1)

#transnew2l=transnew2[ , colSums(is.na(transnew2)) < nrow(transnew2)]
transnew2l=transnew3l[,-1]
transkm3=kmeans (transnew2l, centers=2, iter.max=100000

#transkm3$size
#transkm3$centers
#transkm3$cluster

table (transnew3$0Organism, transkm3$cluster)

#plot (mds.data2[transkm3$cluster==1,],col="red")
#points (mds.data2 [transkm3$cluster==2,col="blue"])
#points (mds.data2 [transkm3$cluster==3,col="blue"])

mds.data2S$Cluster=as.character (transkm3Scluster)

ImagevsDepth= read.csv("ImagevsDepth images_new.csv", header=FALSE,sep = ",")
colnames (ImagevsDepth)=c ("ImagevsDepth")

DepthvsImagevsSpecies=read.csv ("DepthvsImagevsSpecies_new.csv", header=FALSE,sep = ",")
colnames (DepthvsImagevsSpecies)=c ("Type")

mds.data2$Type=as.character (DepthvsImagevsSpeciesS$Type)
mds.data2$ImagevsDepth=as.character (ImagevsDepth$ImagevsDepth)

table (mds.data2$Species,mds.data2$Cluster)

#table (mds.data2$ImagevsDepth, mds.data2$cluster)

kmss=ggplot (data = mds.data2, mapping = aes(x = PCoAl,y = PCoA2,col = Cluster))+
geom_point (shape=21, col="black")+
x1im(-10000, 12500)+
geom_text (aes (label=Type),hjust=0, vjust=0)

kmss + theme (legend.position="bottom")

ggplot (data = mds.data2, mapping = aes(x = PCoAl,y = PCoA2,col = Cluster))+
geom_point (shape=21, col="black")+
geom_text (aes (label=Species),hjust=0, vjust=0)+
x1im (-25000, 40000)

Scripts

R code for Principal Component analysis
sessionInfo ()

Code 3 Code for SIMSMFP analysis using Matlab

datamz=load ("filtered mz.csv")
filtered mz=datamz'

intensityl l=load("filtered intensity.csv")
filtered intensity=intensityl 1°'

$writematrix (Leftover variables,"Leftover variables_ XXX.csv")
sessionInfo ()
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Code 4 Code for combination of master peak list search using filtered data information from
SIMSMFP. New code addition highlighted in yellow in combination with Code 1.

Code 1

#RemoveNa

transnew3l=transnew3[ , colSums(is.na(transnew3)) < nrow(transnew3)]

MFP = read.csv("HOInSnl120118116.csv", header=FALSE,sep = ",") #Import Code

#Transpose and set headers
MFPnew = setNames (data.frame (t (MFP[,-1])), MFP[,1]

Organism=MFPnew$Species #copy out species names
MFPnew2=MFPnew[,-1] #delete Species

#convert whole data to numeric
MFPnew2[] <- lapply(MFPnew2, function(x) as.numeric (as.character(x)))

#lapply (transnew2, class) # Check class
rownames (MFPnew2) = NULL #Set rownames to go in order of 1-17

#install.packages ("tibble") # Tibble helps column insertion
library("tibble™)
#

# #insert Species name in column 1

MFPnew3=add_column (MFPnew2,Organism, .before=1)

#

# #RemoveNa

MFPnew31=MFPnew3[ , colSums (is.na (MFPnew3)) < nrow(MFPnew3)]
ncol (MFPnew31)

#

newlist=colnames (MFPnew31)

df = transnew3l[newlist]
#write.csv(df, "dfaa.csv", row.names = TRUE)
#df=transnew31l

df2=df

#remove organism

df2=df[,-1]

#transpose

df3=data.frame (t (df2))

# write.csv(df3, "df3.csv", row.names = TRUE)
#sum of each column

#df3sums=colSums (df3)

dfd4=sweep (df3,2,colSums (df3), /")

# write.csv(df4, "df4d.csv", row.names = TRUE)
df5=data.frame (t (df4))

Code 1
sessioninfo()

Code 5 Code for dendrogram, cluster plot and heatmap, including all session information.

#Dendrogram

hac=hclust (dist (transnew2l), method="ward"

hac

sub_grp <- cutree(hac, k = 2)

plot (hac, labels = mds.data2$Type, hang=-1, xlab="Samples")
rect.hclust (hac, k = 2, border = 2:8)

#ClusterPlot

#install.packages ("FactoMineR")

library ("FactoMineR")

#install.packages ("factoextra")

library("factoextra™)

fviz_cluster(list(data = transnew2l, cluster = sub _grp))

#Heatmap

heatmap (as.matrix (transnew2l), method="centroid")

my_colors=colorRampPalette (c("white", "black"))

htmp=heatmap (as.matrix (transnew2l),xlab="m/z", ylab="Species",col=my colors(9999999))

> sessionInfo ()

R version 4.0.3 (2020-10-10)

Platform: x86_ 64-w64-mingw32/x64 (64-bit)
Running under: Windows 10 x64 (build 19044)

Matrix products: default

locale:

[1] LC_COLLATE=English_United Kingdom.1252
[2] LC CTYPE=English United Kingdom.1252
[3] LC MONETARY=English United Kingdom.1252
[4]
[5]

LC_NUMERIC=C
LC_TIME=English United Kingdom.1252

attached base packages:
[1] stats graphics grDevices utils datasets methods base

loaded via a namespace (and not attached):

[1] fansi_0.4.2 assertthat_0.2.1 dplyr_1.0.5 utfg_1.2.1

[5] crayon_1.4.1 grid_4.0.3 R6_2.5.0 DBI_1.1.1

[9] lifecycle 1.0.0 gtable 0.3.0 magrittr 2.0.1 scales_1.1.1
[13] ggplot2_3.3.3 pillar_1.7.0 rlang_0.4.10 generics_0.1.0
[17] vctrs_0.3.8 ellipsis_0.3.2 tools_4.0.3 glue_1.4.2

[21] purrr_0.3.4 munsell 0.5.0 tinytex 0.30 xfun_0.21

[25] compiler 4.0.3 pkgconfig 2.0.3 colorspace_2.0-0 tidyselect 1.1.0
[29] tibble 3.1.6
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