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Abstract

Bacteria play important roles in almost all ecosystems, including the natural
environment and the human body, and they are extremely abundant and versatile.
New generations of sequencing technologies can provide phylogenetic diversity and
metagenomic profiling of microbial communities, but metabolic functions of individ-
ual microbes and their molecular mechanisms are often elusive, owing to the limited
culturability and the complexity of microbial communities.

Single-cell Raman microspectroscopy (SCRM) is label-free vibrational spectroscopy
that measures a collection of molecular vibrations coming from all biomolecules in
a single bacterial cell. This thesis emphasises the capabilities of SCRM in a wide
spectrum of applications for investigating bacterial metabolism and physiology. SCRM
is applied to study bacterial phenotypes in a symbiotic setting with a plant host. SCRM
is combined with deuterium-isotope-probing (DIP) and applied to study carbon
metabolism in pure cultures, as well as in vivo metabolic adaptations by human-
invasive pathogens. Especially, the power of single-cell analysis in studies of hetero-
geneous bacterial populations is explored and highlighted.

This thesis also outlines an analytical pipeline to standardise and automate the
process of spectral analysis in SCRM studies, from data tidying and data preprocessing
to a variety of analytical approaches for either exploratory or diagnostic purposes. By
following the established pipeline and executing the developed programming script,
single-cell Raman analysis can be performed in a simple and rapid manner.

To conclude, by applying SCRM to provide intrinsic biochemical fingerprints of
individual bacterial cells and connecting SCRM with the power of computational
analysis, this thesis provides the possibility of probing bacterial metabolism and
physiological states in ever-changing and multifaceted ecological settings.
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Introduction

Bacteria express a wide spectrum of phenotypic traits with high relevance for re-
search and development. Bacteria inhabit a wide variety of ecological niches, including
colonisation in extreme environments and symbiosis with plant or animal hosts, being
mutualistic, commensal or parasitic. This is made possible by a plethora of metabolic
and physiological adaptations observed in bacteria, such as multiple abilities for
oxygen and nitrate respiration, switches between nutrient sources, resistance against
stressors and molecular interactions with host cells. These traits of metabolism and
physiology can all be broadly construed as bacterial phenotypes.

While whole genome sequences are rapidly growing in numbers (206,448 bacterial
genomes are found in the NCBI genome database, accessed in May 2019), advances
and annotations of phenotypic attributes of bacteria are not keeping pace. This also
means that the potential for comprehensive genotype—phenotype association studies
cannot be realised.

Single-cell Raman microspectroscopy (SCRM) is vibrational spectroscopy that
measures the inelastic light scattering of molecular vibrations. SCRM has recently been
applied in various biological fields to study phenotypes of single cells. It surpasses
other analytical techniques in terms of its single-cell resolution. While bulk-scale
cellular analysis averages signals from an entire population and loses track of rare and
low-level events, single-cell approaches are able to draw out the least prevalent but
most important phenotypes. SCRM is also label-free and non-destructive. By applying
SCRM to provide intrinsic biochemical fingerprints of individual bacteria cells, we can

study bacterial metabolism and physiology in multifaceted ecological settings.
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1.1 Aim and objectives

The main aim of this thesis is to explore some of the uncharted areas in the
biological applications of SCRM in profiling bacterial phenotypes, as well as to develop
and validate a robust pipeline of single-cell Raman analysis.

The detailed objectives include:

To study bacteria in a symbiotic setting with a plant host and link phenotypic

alterations with genetic mutations by application of SCRM

* To consolidate a technique combining SCRM and deuterium-isotope-probing

(DIP)
* To apply SCRM-DIP to study bacterial carbon synthetic and metabolic pathways

* To apply SCRM-DIP in a symbiotic setting with a human host and study metabolic

adaptions of a pathogen

» To explore the power of single-cell analysis in heterogeneous bacterial popula-

tions

* To develop and standardise an analytical approach of SCRM suitable for a wide

range of biological applications

1.2 Structure of the thesis and key findings

The thesis is structured and key findings are summarised as follows:

Chapter 2 briefly introduces the theoretical and technical background of Raman
spectroscopy. In addition, applications using Raman spectroscopy for bacterial investi-
gations are reviewed with an emphasis on the advantages of single-cell measurements.
The technique of Raman-DIP is also discussed, followed by its applications in exploring
bacterial metabolism.

Chapter 3 investigates the physiology and metabolism of a symbiotic plant bac-

terium Rhizobium leguminosarum. Single-cell Raman spectra (SCRS) are used as
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biochemical fingerprints of Rhizobium cells to differentiate different physiological
states, link phenotypic changes and specific genetic mutations, and assess single-cell
heterogeneity within a single bacterial population. By analysing SCRS of different
strains and mutants, it provides insights into metabolite production and carbon
regulatory network of rhizobia.

Chapter 4 elaborates on the realisation of SCRM-DIP to reveal microbial carbon
metabolism. By incubating bacteria with deuterated carbon sources, a distinguish-
able C-D vibration band in SCRS can be used to semi-quantitatively and sensitively
indicate the degree of carbon metabolism and lipid conversion. Different pathways
of phenylalanine adopted by different microorganisms are also revealed by analysing
corresponding Raman shifts. By harnessing low-cost and versatile deuterated sub-
strates, this work demonstrates that SCRM-DIP has the potential to probe a wide range
of metabolic pathways and functions at the single-cell level.

Chapter 5 continues to explore the symbiotic lifestyle of a pathogen Salmonella
inside human immune cells. SCRM-DIP reveals metabolic changes of three Salmonella
strains. Reverse labelling of deuterium tracks their metabolic changes in the time-
course infection of immune cells. In comparison with a non-invasive serovar, the
invasive Salmonella strains are found to down-regulate metabolic activity inside
human macrophages and dendritic cells and use lipids as an alternative carbon source,
perhaps as a strategy to escape from the host immune response. Proteomic analysis
using high sensitivity mass spectrometry validates the findings of SCRM-DIP analysis.

In Chapter 6, a pipeline of SCRS analysis in biological studies is established and
validated, devised from a collection of avenues in Chapter 3-5. This pipeline in-
volves data tidying, data preprocessing and differing chemometric and machine
learning techniques to fulfil a variety of research purposes. By implementing the
established protocol, Raman analysis can be performed by a non-specialist in a simple
and rapid manner.

The final Chapter 7 provides a short summary of the contents of this thesis and

concludes with an outlook.
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This chapter introduces the background of Raman spectroscopy, starting with two
descriptions of the underlying mechanism of Raman scattering and working through
to the instrumentation and advances of modern Raman microscopes that benefit
biological studies. Some of the many applications using Raman spectroscopy for
bacteria investigations will be explored, with a specific focus on the advantages of
single-cell measurements. Finally, the technique of the combination of stable isotope
labelling and Raman spectroscopy will be discussed, followed by its applications in

studying bacterial metabolism.
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2.1 Principles of Raman spectrocopy

Spectroscopy is a class of analytical tools based on the interaction between electro-
magnetic radiation and matter which ranges from absorption, emission, fluorescence
to scattering'. Raman spectroscopy is a spectroscopic technique based on Raman
scattering. It was first experimentally observed by C. V. Raman in 1928 for which he

was awarded the Nobel Prize in 19302.
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Figure 2.1: (A) Electromagnetic radiation interacting with a vibrating molecule. (B) The
appearance of the Stokes vy and the anti-Stokes lines.

In Raman spectroscopy, a sample is illuminated with a monochromatic laser beam
(Figure 2.1A). The incident light with a frequency of v, interacts with a molecule in
the sample that has a molecular vibration at vy, and originates scattered light. Most
scattering is elastic and has a frequency equal to the frequency of the incident radiation
Vo, so-called Rayleigh scattering. A small fraction of the scattered radiation is inelastic
and has a frequency different from the frequency of the incident light, collectively

called Raman scattering. Raman scattering consists of both Stokes scattering, which
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has a lower frequency at vo—vy,, and anti-Stokes scattering, which has a higher fre-
quency at vo+vy. The appearance of the anti-Stokes lines is identical to the Stokes
lines, only with strongly reduced intensities (Figure 2.1B). Thus, the Stokes spectrum

is often presented as the Raman spectrum.

2.1.1 C(lassical description of Raman scattering

The classical picture of light scattering is the interaction between an oscillating
electromagnetic field and a molecule. An incident light wave serves as the source of a
travelling electric field, which will exert force on all electrons in the molecule and tends
to displace them from their average positions around the positively charged nuclei.
This change in the electronic charge distribution in the molecule thereby results in
an induced dipole moment, which also emits radiation with characteristic radiation.

The induced dipole moment, , is proportional to the electric field E:

'u:aE (2.1)

where «a is the polarisability of the molecule, describing the susceptibility of the charge
distribution of a molecule to have its charges displaced by the electric field.
The electric field E of the light wave varies with time and can be described by its

vector amplitude Ej and its oscillation/excitation frequency vj:

E = Eycos(vgt) (2.2)

Thus,

U= aEycos(vot) (2.3)

The polarisability of a molecule is not a simple scalar quantity and can be expanded

in a Taylor series in the normal co-ordinates g of the nuclear displacements:

w@=av 3. [(52) 0] o
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where there are Q = 3M -6 normal modes and ¢y is the polarisability at the equilibrium
position when g = 0.

In turn, the normal co-ordinates can be approximated by

q(t) = gocos(vy,t) (2.5)

Inserting Equation 2.4 and Equation 2.5 into Equation 2.3 yields:

() = [ao + (a—“) Gocos(Vm )| Egcos(vot) 2.6)
0q’o
By using the formula for the product of two cosine functions Equation 2.6 can be
written as:

() = agEpcos(v t)+1(0_a) Epcos(vg—v )t+1(—a) Epcos(vop+vy)t (2.7)
pll) = aoLo 0 2aqoqoo 0~ VYm zaqo%o 0tVm .

Equation 2.7 represents the conceptual core of Raman scattering. The classical
electromagnetic theory states that an oscillating dipole radiates energy in the form
of scattered light. Thus, Equation 2.7 demonstrates that the time-dependent in-
duced dipole moment pu that acts as the secondary source of scattered excitation

has three components:

1. The first term on the right-hand side of Equation, 2.7 agEy cos(vo?), represents
the scattered light at the same frequency as the incident radiation vy, i.e. elastic

Rayleigh scattering.

2. The second term represents the component vibrating at a frequency of vo — v,
i.e. the frequency of the incident light minus that of the molecular vibration.
The scattered light resulting from this term is thus the redshifted Stokes Raman

scattering.

3. The third term is characterised by v + v, i.e. the sum of the frequencies of

incident light and molecular vibrations, thereby the anti-Stokes scattering.
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2.1.2 Quantum mechanical description of Raman scattering

The classical approach offers a useful conceptual model for understanding Raman
scattering, however, it also has some shortfalls and fails to explain some of the Raman
phenomena. To give a simple example, the appearance of discrete lines in a rotational
Raman spectrum of a gaseous molecule cannot be explained as the classical theory

does not assign discrete frequencies to rotational transitions®.

V=3

V=2 | Excited
=1 electronic state
X A A
- V=0
>
2 2 W R
2 Virtual states
e 7 " K [T T T
Vo Vo Vo Vo- Vi Vo Vot Vo 2] Vi=Vy 2] Vo
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wp 1
v=0
Infrared Rayleigh Stokes Anti-Stokes Resonant Raman Fluorescence
absorption scattering scattering scattering scattering

Figure 2.2: Schematic energy diagrams of various processes of photon-molecule interaction.
The energy spacing between two vibrational levels equals to vp,.

The quantum mechanical description of Raman scattering is quite different. The
concept of photons that are quanta of light particles, is used to depict the wave—particle
duality of light. Moreover, the quantisation of vibrational and electronic energies is
taken into consideration. In the quantum mechanical model, scattering is described as
a two-photon process, shown as the blue and red arrows in Figure 2.2. The blue arrow
represents the first step of the process where a photon interacts with a molecule and
raise it to a higher energy state. The red arrow represents the second step of the release
of a photon after a very short period of time, achieving overall conservation of energy.

The various processes of photon-molecule interaction can now be outlined as in
Figure 2.2. Rayleigh scattering involves transitions of photons with the same energy
(frequency). In Stokes scattering, the photon returns to a vibrational level that is

higher than the starting vibrational level, thus the second photon has an energy of
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vo — v, where v, equals to the energy difference between two vibrational energy states.
The anti-Stokes scattering involves exciting the molecule in a higher vibrational state
and returning to a lower vibrational state, thus the photon released has a quantised
energy of vy + vy,.

In the classical model, Equation 2.7 depicts the three scattering processes without
noting any differences between the Stokes and anti-Stokes scattering as they share
the same coefficient. However, this quantum mechanical picture shows that the
molecule must be in a higher vibrational state for the anti-Stokes scattering to take
place. According to the Boltzmann distribution, the population of higher states is
much smaller than that of lower states. The relative ratio of populations of the v =1 to

the v = 0 vibrational states can be denoted as N; /N, and calculated as:

(2.8)

where £ is Planck’s constant, v is the vibrational frequency, kg is the Boltzmann
constant and T is the temperature.

This means that at a temperature of 300 K, the ratio of N;/ Ny is 0.1 with a vibrational
wavenumber of 480 cm ™! and 0.001 with a wavenumber of 1440 cm™!. This results in
much reduced intensities of anti-Stokes lines compared with Stokes lines in Raman
practices. Therefore, a Stokes spectrum is often chosen to represent the Raman
spectrum of a sample.

Having explored the transitions between vibrational levels, we now also consider
the transitions between two electronic states. This process is associated with a very
important phenomenon called resonant Raman (RR) scattering, which significantly
improves the intrinsically weak Raman intensities. When a photon has energy enough
to excite the molecule to the upper electronic state, the direct absorption of the
photon can occur and the emission of the second photon gives rise to the RR pro-
cess (Figure 2.2).

The band intensities in an RR spectrum can be orders of magnitude higher than
a Stokes Raman spectrum®. In a biochemical context, this not only means easier

detection but also introduces the possibility of selectively probing some key molecules
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within a complex biological system by choosing an excitation wavelength affiliated
with chromophores that are of interest.

However, RR is not the only consequence of photon absorption as fluorescence
is also one of the pathways electrons use to return to their ground states (Figure 2.2).
As the fluorescence cross-section is about six orders of magnitude larger than the
RR cross-section, strong fluorescence background can in many cases hamper the
observation of Stokes scattering and RR scattering. An instrumental approach to
suppress fluorescence is based on the different time dependences of Raman scattering
and fluorescence. Because Raman scattering has a much shorter lifetime (less than a
picosecond) than fluorescence (nanoseconds), ultra-fast picosecond pulsed excitation

can be used to achieve a significant reduction in fluorescence®®.

2.2 Raman practices in biological studies

Owing to the recent advances made in the instrumentation of Raman spectroscopy,
it has become an essential tool for chemists, physicists, biologists and materials
scientists. A Raman spectrum can be seen as a collection of molecular vibrations in a
sample, therefore, providing compositional and chemical information in a biological
context. The high molecular specificity, spatial resolution and non-destructive nature
make Raman microspectroscopy an excellent technique for biological analysis, from
probing the secondary structural changes of proteins to investigating more complex
biological systems like bacteria. In this section, we shall start with the instrumental
advances in modern Raman techniques, followed by discussing the advantages and

challenges of using Raman microspectroscopy in biological studies.

2.2.1 Advances in spatial resolution of a Raman microscope

Having discussed two models describing Raman scattering in the last section,
we now consider the technical and instrumental aspects of modern Raman tech-
niques. Although first being discovered in the 1920s, the number of publications
using Raman techniques didn’t soar until the 1960s when the laser (monochromatic

and coherent sources of light) was first invented and used as an excitation source in
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Raman spectroscopy. The 1980s and 1990s ushered in the confocal systems with better
spatial resolution, charge-coupled device (CCD) detectors with a faster acquisition
and effective Rayleigh filters to remove the Rayleigh scattering’. This is the modern
Raman microspectroscopy that we know of today.

In the 90s, the Raman spectrometer was first coupled with an optical microscope
and so-called micro-Raman spectroscopy was established. A microscope was used
to focus the excitation light to a small spot instead of a simple lens. For the first time,
Raman spectra could be obtained for samples of only a few micrometres in diameter.

Nowadays, the spatial resolution of a Raman microscope is further improved by
using more advanced microscope objectives with high collection efficiency. The

minimal size of a laser spot is defined by the diffraction limit:

1.2214
D=—— (2.9)
NA
where A is the wavelength of the incident light and N A is the numerical aperture of
the objective. The diffraction limit equation is derived from:
A A

d= = 2.10
2nsin@ 2NA ( )

where n is the refractive index of the medium between the lens and the sample and
0 is the included angle of the lens which depends on the diameter of the lens and its
focal length. The factor 1.22 in the angular resolution is decided by the angle spanned
by the central bright spot of the diffraction pattern produced by light, therefore the
focus of a laser beam. It is derived from a calculation of the position of the first dark
circular ring surrounding the central Airy disc of the diffraction pattern.

With an objective of 100x with an NA of 0.8 and an incident wavelength of 532 nm
(used throughout this thesis as an excitation source), the spot diameter is ~0.8 um. The
spatial resolution is half of the laser spot diameter thus ~0.4 um. Such spatial resolution
allows investigation of a single bacterial cell with a typical size larger than 1 um?.

The spatial resolution can be further improved by using shorter wavelength and

higher NA objectives. High NA objectives are associated with shorter working distances
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thus suitable for thin samples. The ultraviolet (UV) excitation can reduce the laser spot
size but UV objectives with high NA are extremely expensive and hardly accessible’.

Apart from using advanced microscopes and changing wavelengths of light, the
spatial resolution of a Raman microscope can be more significantly improved by
combining it with other scanning probe modalities. For example, a Raman microscope
integrating Atomic Force Microscopy (AFM) can provide physical characterisations on
the nanometer scale, such as topography, conductivity and thermal measurements,
all together with the chemical information obtained from Raman spectroscopy. Tip-
Enhanced Raman Spectroscopy (TERS) is another specialist approach in which the
enhancement of Raman scattering occurs at the point of a near atomically sharp pin,
typically coated with gold, therefore achieving spatial resolution that is otherwise

unattainable by any other analytical method®.

2.2.2 Advantages of Raman microspectroscopy in biological studies

Raman microspectroscopy has become increasingly popular among biologists. A
Raman spectrum can be regarded as a phenotype of a biological system because it
provides an overall molecular vibrational profile, containing ~1000 Raman bands for
major cellular building blocks such as proteins, nucleic acids, lipids and carbohydrates.

The advantages of using Raman microspectroscopy in biological studies include:

1. High spatial resolution. As we discussed in the last section, by combining
the power of optical magnification and direct visualisation, Raman microspec-
troscopy can probe biological systems at a subcellular resolution. It can provide
a single-cell Raman spectrum for a single bacterial cell with all macromolecules
studied at a single-cell level. For larger biological systems like mammalian
cells and tissues, it can not only derive single point spectra but can collectively

produce Raman images with subcellular structural and chemical information.

2. Ability to analyse aqueous samples. Biological samples are usually prepared
in an aqueous environment. Water has very strong absorption in infrared (IR)

spectroscopy, which is also a vibrational spectroscopy that is often compared in
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parallel with Raman spectroscopy. A water molecule has very low polarizability,
thus does not hinder sample signals in Raman spectroscopy. This is particularly
advantageous in biological studies because it avoids laborious sample prepara-

tion which may also alter the biochemistry of the samples.

3. Intrinsic and label-free. Molecular labelling using genetically encoded reporters
(e.g. green fluorescent protein) has been used extensively for monitoring cellular
events in biological systems?. They introduce unnatural functional groups and
risk interfering with the native biological processes. Raman spectroscopy, on the
other hand, is label-free and able to probe biological samples in their natural
setting. It also does not require any prior knowledge of the particular substrate
for selective labelling. It unbiasedly probes all macromolecules and collectively

displays them in one spectrum.

4. Non-contacting and non-destructive. Raman spectroscopy is a non-contacting
and non-destructive technique, as opposed to other analytical tools such as
gas chromatography and mass spectrometry that destroy the sample to achieve
results. This non-invasive nature renders Raman microspectroscopy suitable for

in situ and in vivo biological investigations.

5. Easy preparation and small sample volume. Various kinds of substrates like
liquid, solution, gases, films, surfaces and single crystals are easily amenable to
examination, therefore minimising the process of sample preparation, extraction
and purification. The requirement of only a very small amount of sample in
Raman microspectroscopy is also very beneficial to applications from small-

volume blood samples to unculturable bacterial communities.

6. Time-resolved snapshots. The extremely fast time scales of Raman scattering
make a Raman spectrum an instant snapshot of a biological system where rapid
chemical exchanges are always occurring. Relaxation effects on line shapes
in nuclear magnetic resonance (NMR) are not readily observed in a Raman

spectrum.!? Furthermore, coupling with ultra-fast instrumental techniques



2. Background 14

allows studies of the dynamics of short-lived intermediates and reactions in

the microsecond to femtosecond time domain?!!.

Collectively, the ability easily to acquire label-free and comprehensive biochemi-
cal information at a subcellular and time-resolved resolution non-destructively and
without the interference of water makes Raman microspectroscopy a unique and

invaluable tool for in vivo biological investigations.

2.2.3 Enhancement of Raman cross-section

Having discussed the advantages of Raman microspectroscopy, the largest chal-
lenge remains to be the intrinsically weak Raman scattering as approximately only 1 in
107 photons experiences inelastic scattering'?. The improvement of the small Raman
cross-section can be understood by looking at Equation 2.1 at the beginning of Section
2.1.1. In Equation 2.1 we see that the induced dipole can be enhanced with larger (i)
polarisability a or/and (ii) electric field E. Consequently, prominent enhancement
mechanisms address these two entities, including the two routinely used techniques,

RR scattering and surface-enhanced Raman scattering (SERS).

Resonant Raman (RR) scattering

As mentioned in Section 2.1.2, RR scattering greatly improves the electric field
E as the excitation wavelength falls within an electronic excitation of the molecule.
The enhancement factor'® compared with the non-resonant Raman scattering can
achieve up to 10* to 10°. In biological systems, selective enhancement of different
chromophores can be achieved by varying the excitation source to be resonant with

different electronic transitions.

Figure 2.3 shows an example of selective enhancement in RR spectroscopy. Guanosine-

5’-monophosphate (GMP) is a component of nucleic acid. Exciting GMP at 532 nm
generates a non-resonant Raman spectrum with a comprehensive picture of all molec-
ular vibrations in the molecule. Excitation wavelengths at 244 nm and 218 nm, on the
other hand, generate much simpler and signal-enhanced RR spectra, corresponding

to two electronic transitions at two molecular sites of GMP. The 244 nm excitation
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Figure 2.3: Selective enhancement of chromophores in RR spectroscopy (picture taken from
reference [3])

corresponds to the 7—z* transition in the aromatic guanine ring and is applicable and
beneficial to the study of all DNA/RNA bases and aromatic amino acids!4.

The high specificity and selectivity in RR spectroscopy allow the study of subsys-
tems in larger entities, from exploring an active group in one protein molecule to the
selective observation of macromolecules such as proteins or DNA in a cellular system.
One can also combine a RR spectrum with a spontaneous Raman spectrum by simply
changing the excitation laser, thus obtaining rich vibrational information and selective

probing substrates of interest at the same time.

Surface-enhanced Raman scattering (SERS)

The other mechanism, SERS, offers improvements in both E and « (Equation 2.2)
and can achieve an enhancement factor!® on the order of 10°~10'*. The effect of SERS
from pyridine adsorbed on electrochemically roughened silver was first observed by

Fleischmann, Hendra and McQuillan at the University of Southampton in the UK in
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197316, In 1977, two independent groups each proposed a mechanism for the observed
enhancement of signal. Jeanmaire and Richard Van Duyne proposed an electromag-
netic effect!”, while Albrecht and Creighton proposed a charge-transfer effect'8. The
electromagnetic theory proposes the excitation of localised surface plasmons, which
was further supported by a research in 2015 on a more powerful extension of the SERS
technique called SLIPSERS (Slippery Liquid-Infused Porous SERS)!Y.

The so-called localised surface plasmon resonance (LSPR) effect happens when
strong localised electromagnetic fields are generated by the nanostructured metallic
surfaces, e.g. silver, gold, and copper (enhanced E)?°. Enhancement in « can be
understood as the chemisorption of the molecule on the metal substrate disturbing
the electronic structure of the substrate?!.

Applications of SERS have progressed from bulk samples to single molecules???3
and single molecular events inside living cells?*. Despite its advantages of signal
enhancement and fluorescence quenching®®, practical biomedical applications of
SERS would have to address a few challenges because i) SERS Raman bands vary
depending on wavelengths of incident lasers and SERS particle properties?®, ii) SERS
involves invasive labelling with metallic nanoparticles which may change the intrinsic
molecular behaviours, iii) SERS has a distance-dependent effect in the range of 0-4
nm so only chemical bonds close to the metallic surface can be detected?’ and iv)
the interpretation and the reproducibility of SERS spectra from biological samples

are often challenging.

Coherent Raman scattering (CRS)

Another approach is emerging in recent decades to obtain much stronger vibra-
tional signals by employing coherent Raman scattering (CRS), which employs multiple
light sources to produce coherent Raman signals?®. In contrast to the conventional
linear and non-coherent spontaneous Raman scattering, CRS is non-linear and in-
coherent. The linearity of an optic signal is defined through its dependence on the
intensity of the incident radiation, i.e. the linear optical signals scale linearly with the

average power of the incident light while the non-linear signals exhibit a quadratic
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or higher-order dependence on the intensity of the input radiation. Compared with
incoherent spontaneous Raman where the scattered waves have random relative
phase, in CRS the oscillators in the sample are correlated by the light fields, producing
radiation from different locations in the sample with a well-defined phase relationship.
The non-linearity and coherence of CRS make the produced signal greatly intensified

and highly directional.
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Figure 2.4: Schematic energy diagrams of CRS. The energy spacing between two vibrational
levels equals to vp,.

Coherent anti-Stokes Raman scattering (CARS) and stimulated Raman scattering
(SRS) are two CRS processes®”. Figure 2.4 illustrates the energy-level diagrams of the
CARS and SRS processes as compared with the spontaneous Raman scattering. During
spontaneous Raman scattering, the pump beam with a frequency of vy is incident
upon the sample generating either a Stokes signal vg or an anti-Stokes signal vgs. In
SRS, two laser beams at frequencies vy and vg are directed onto the sample, such that
the frequency difference vy — vs matches the frequency of a molecular vibrational
mode vp,. This process causes stimulated excitation of a chemically specific signature
and brings the advantage of suppressing non-resonant background. Experimentally,
either stimulated-Raman gain (SRG) of the Stokes or stimulated-Raman loss (SRL)
of the pump is measured and optical modulation and demodulation are required
to extract the proper SRS signal.

CARS involves a complex four-beam mixing process probing as shown in Figure 2.4.

As in SRS, the resonance occurs when the difference between the pump and Stokes
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beam vy — vs matches a molecular vibration in the sample. This resonance is then
probed by the third field at vp and generates an anti-Stokes signal at 2vy — vg. With
respect to SRS, no complex demodulation schemes are required in CARS. However, the
presence of a strong non-resonant background due to the four-wave mixing that does
not carry any chemical information can distort and overwhelm the resonant signal3!.

With the advantages of dramatically enhanced Raman signal and little autofluo-
rescence interference, CARS and SRS microscopy are emerging techniques for real-
time analysis and video-rate imaging of single cells in a living system with high
imaging speed and 3D spatial resolution®?. Nonetheless, both techniques are limited
to the complex set-up of two synchronised trains of laser pulses. CARS and SRS
are also limited by the small spectral range due to the narrow bandwidths between
lasers, therefore so far in most cases, they have been demonstrated for chemical
signatures with high concentrations and strong Raman signals, for example, the CH,
stretching vibrations which are typically found in lipids in cells®3. In addition, CARS
suffers from the complicated interpretation of Raman bands due to changed band
frequencies®*. SRS, on the other hand, has comparable spectra as spontaneous Raman.
Its signal also has an intensity linearly proportional to the concentration of the targeted
molecules and is free of non-resonant background. SRS would be a complementary
tool to spontaneous Raman scattering®®. The investigation of a biological system can
begin with spontaneous Raman scattering (acquisition time from seconds to minutes)
covering the entire spectral window of molecular vibrations and looking for a defined
marker of interest. It then can be followed with SRS focusing on a predefined spectral
window and offering high-speed benefit (acquisition time microseconds) for imaging

and collection of a huge amount of spectral data.

2.3 Phenotyping bacteria by Raman microspectroscopy

In the past few decades, Raman microspectroscopy has been shown to be a pow-
erful analytical tool in biological studies, including in the field of molecular biology,

microbiology, ecology, biomedicine, live imaging of biological materials and disease
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diagnosis. Having discussed the advantages and various techniques of Raman mi-
crospectroscopy, in this section we will focus specifically on the applications of Raman

microspectroscopy in investigating bacteria.

2.3.1 A cultivation-free approach to study bacterial single cells

Bacteria are extremely versatile and abundant, and they play important roles
in almost all aspects of modern life. Rapid and robust detection, characterisation
and identification of microorganisms are unarguably of vital importance. To name a
few examples, the industrial production of drinking water, food and pharmaceutical
substances requires tight controls for bacterial contamination to prevent any health
risks. Reliable characterisation and detection methods are also of great interest in
environmental and agricultural science, either to utilise microorganisms in bioreme-
diation to break down environmental pollutants or to detect plant pathogens that
can cause ecological and economic damage. More examples and increasing attention
can be found in the practice of antimicrobial stewardship in clinical fields as timely
identification of a pathogenic infection can be lifesaving for patients®.

Culture-based methods remain the mainstream standard for current bacterial
identification. Bacteria are isolated from samples under investigation, grown on agar
plates and analysed with chemical, optical and genotypic techniques. However, these

methods introduce four major disadvantages in practice:

1. Biomass enrichment is often the most time-demanding step during sample
preparation. In a clinical setting, it takes at least 24 hours for incubation of
bacterial cultures from clinical specimens, which dependent on the bacterial
species, can be extended to up to 7 days. An additional 24 hours is required for

downstream characterisation for identification and susceptibility testing®”.

2. The majority of microorganisms remain unculturable using standard cultivation

methods®®. In addition, many bacteria species are found to enter into a viable

but non-culturable (VBNC) state under stress conditions>.
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3. Cultivation-based methods obtaining averages from bulk measurements can
overlook substantial cell-to-cell heterogeneity. Bacterial subpopulations can

exist due to stochastic processes and various physiological states*’.

4. The bacteria isolated from the sample matrices are not characterised in situ.
This might produce a disturbed metabolism in bacteria away from their natural
setting such as symbiotic bacteria in their host plants or pathogenic bacteria in

blood*!.

Here is what sets SCRM apart from other techniques. As discussed in the last
section, Raman microspectroscopy makes it possible to measure single bacterial cells
due to its high spatial resolution, thus providing a cultivation-free and label-free single-

cell approach for phenotyping and profiling bacteria.

2.3.2 Identification of cellular components

Figure 2.5 shows the SCRS of Escherichia coli (E. coli) (Figure 2.5A), Rhizobium
(Figure 2.5B) and Rhodobacter (Figure 2.5C). They are used to exemplify the bacterial
Raman spectra which contain all kinds of biomolecules that serve as essential building
blocks of life, such as proteins, nucleic acids, lipids, carbohydrates and species-specific
compounds. Luckily, each of these biomolecules has distinct vibrational properties
thus generating different Raman bands in a bacterial Raman spectrum.

A bacterial SCRS can be divided into three regions: the ‘fingerprint’ region which
contains essential bio-information and can be seen as a fingerprint of a cell (400-1800
cm™1); the ‘silent’ region which usually does not involve vibrational modes contributed
by biomolecules formed of naturally occurring isotopes (1800-2700 cm™!); the high-
wavenumber region specifically contributed by stretching vibrations of CH, NH and
OH groups (2700-3500 cm™1).

The most prominent Raman band is usually found in the high-wavenumber region
at 2800-3040 cm™! with a centre around 2930 cm ™. This broad band represents all
C-H stretching vibrations that are present in all biomolecules, superimposing with

each other (Figure 2.5A). The decomposition of the C-H band has been demonstrated
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Figure 2.5: SCRS of (A) E. coli, (B) Rhizobium and (C) Rhodobacter. The assignments of the
Raman band are labelled in superscripts at the wavenumbers. The abbreviations are listed as
follows: ‘NA’ stands for nucleic acids; ‘CH’ stands for carbohydrates; ‘AA’ stands for aromatic

amino acids; ‘Lip’ stands for lipids, ‘PHB’ stands for polyhydroxybutyrate; ‘cyc’ stands for
cytochrome c; ‘carot’ stands for carotenoid.

to map the distributions of cellular lipids (~2880 cm™!), proteins (~2930 cm™!) and
DNA (~2960 cm™!), with a particular interest of using SRS microscopy for label-free

imaging of mammalian cells**™°.
Proteins

The most characteristic features for proteins can be represented by three Amide
bands that are present in peptide bonds (CONH) linking consecutive amino acids in all
proteins?®. In Figure 2.5A, Amide I band centres at 1660 cm™! and contains ~100% C=0
stretching. Amide II appears near 1574 cm™! and is composed of 60% N-H and 40%
C-N stretching. The Raman band of Amide III that centres around 1235 cm™! contains
40% C-N stretching and 30% N-H bending. The band intensities and positions of
the three Amide bands can provide valuable information on secondary structures of

proteins, including the a-helix and the -sheet structures*’
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In addition to the characterisation of the amide bonding in proteins, additional
spectral features also appear in Raman spectra which allows descriptions of indi-
vidual amino acids*®. Special interests have been directed to aromatic amino acids
(Figure 2.5B), including phenylalanine at 1003 cm™! (phenyl ring vibration), tyrosine
doublet at 830 and 850 cm ™! and tryptophan doublet at 1340 and 1360 cm™! . The
narrowness of the bands of these individual amino acids illustrates that the vibrations,
such as the phenyl ring vibration, are relatively stable in response to surrounding

chemical environments.
Lipids

Lipids are the most abundant and key components of bacterial cell membranes.
The most evident features of lipids in a Raman spectrum are related to the presence
of the hydrocarbon chain in all lipids. In Figure 2.5B, two bands at 1447 and 1330
cm™! can be assigned to the scissoring and twisting vibrations of the CH, and CHj3
groups, respectively*8. In the high-wavenumber region, the band centred at 3060 cm™!
is representative of unsaturated =CH stretching which is present in unsaturated fatty
acids. A ratio of total unsaturated fatty acids/total fatty acids (TUFA/TFA) is commonly
calculated by the ratio of the integrated area of the band at 3060 cm ™! to the integrated
area of the lipid CH band at 2880 cm™!. The TUFA/TFA ratio is often used in Raman

studies to characterise the profile of the lipidic profile of a cell°.
Nucleic acids

Five canonical nucleobases: adenine, thymine, cytosine, guanine and uracil, can
form base pairs and stack upon one another, which leads to long-chain helical struc-
tures in nucleic acids of either deoxyribonucleic acid (DNA) or ribonucleic acid (RNA).
Very strong Raman signals of the five bases can be observed by the ring-breathing
modes in the region of 600-800 cm™°°, For example, cytosine and uracil have vi-
brational modes of ring breathing at 780 cm™! (Figure 2.5A). Adenine, thymine and
guanine give rise to the bands at 723 (Figure 2.5A), 740 and 650 cm™!, respectively.
Therefore, the region of 600 - 800 cm™! can be used to differentiate different nucle-

obases and characterise the number of nucleic acids in a cell. In addition to the
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ring vibrations of the bases, the DNA and RNA backbone has a symmetric PO,” bond

stretching and displays a signal at 1100 cm™! (Figure 2.5A).

Carbohydrates

Carbohydrates function as the main source of energy, the major constituent of
the cell envelope and molecular agents in cellular recognition in microorganisms®!.
They can be divided into three main subgroups: monosaccharides (often referred to as
‘sugar’), oligosaccharides and polysaccharides. Vibrational spectra of carbohydrates
are considerably less specific than spectra of proteins, lipids or nucleic acids because
their complex functional groups contribute to multiple bands spread in the whole
fingerprint and high-wavenumber regions®2.

The O-H stretching is often found at the far end in the high-wavenumber region
(3300 -3500 cm™ 1), however, it can overlap with the O-H stretching present in water.
Other fingerprint regions that can be attributed to carbohydrates include 300-800
cm™! (deformational modes of CCC/CCO/0CO0),800- 1200 cm ™1 (stretching vibrations
of C-0/C-C) and 1200-1500 cm~! (deformational modes of CH/CH,).

For example, for a monosaccharide, glucose, some characteristic bands appear
around 540 and 410 cm™! (exocyclic and endocyclic ring deformation, respectively)
in Figure 2.5B. Glycogen is a polysaccharide which is a readily available glucose
reserve accumulated by microorganisms to supply carbon and energy under starvation
conditions®®. A band is specifically observed at ~480 cm™! (Figure 2.5B) in the spectra
of glycogen which can be assigned to C1-O-C4 glycosidic bond (straight chains).
Other COC vibrations of a glycosidic bond can be found at 850 and 940 cm™!. Other
dominant features include bands at 1050 cm™! (CO and CC stretching) and 1130 cm ™!
(CC, CO and COC stretching in the glycosidic link and ring-breathing vibration), as

marked in Figure 2.5B.

Specific biomarkers

In addition to cell contents that are common for all bacteria such as proteins, lipids,

DNA/RNA and carbohydrates, bacteria also exhibit many biocomponents that are
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more or less specific to certain genera, species, or even strains. An additional ester-
orientated band centred around 1735 cm™~! appears in some bacterial spectra, for
example, in SCRS of Rhizobium in Figure 2.5B. This band is representative of C=0
stretching of the ester functional group in storage molecules like polyhydroxybutyrate
(PHB) and can appear in bacteria like rhizobia who synthesise and store PHB under
temporary nutrient-limited conditions®.

Another class of biomolecules that has been studied heavily is heme proteins,
which have a diverse range of structures and biological functions in many life processes.
Heme proteins can easily be studied with the aid of resonance Raman (RR) scattering
using a laser which has an excitation wavelength coinciding with the porphyrin ring’s
absorption band. Cytochrome cis a heme protein involved in electron transfer chain
located in the membrane of the mitochondrion. Using a 532-nm laser, cytochrome
c can be observed at 749 (porphyrin ring breathing), 1128 (C-N stretching), 1312 (C-
H deformation) and 1584 cm™! (C-C stretching), shown in the SCRS of Rhodobac-
ter (Figure 2.5C).

Production of carotenoids in cyanobacteria also gives strong RR signal with an
excitation wavelength around 532 nm. Carotenoid generates three sharp bands at
around 1003, 1155 and 1512 cm™! (Figure 2.5C). They can be assigned to the C=C
stretching, C-C stretching and C-CH3 deformation in carotenoids, respectively. Minor
shifts occur at these three positions depending on the structure of the carotenoid,

therefore, structural information of different carotenoids can also be obtained®>°®.

2.3.3 Identification of bacteria

Having understood how to interpret the bacterial spectrum by identifying different
cellular contents and biomarkers, we now look at the complex spectrum as a whole. An
SCRS can be seen as a fingerprint of a whole cell. While the identification of biomarkers
can be used to obtain biochemical information and semi-quantify the intracellular
concentrations of important cellular components, the analysis of SCRS to discriminate

bacteria at a species or subspecies level is of increasing interest®’.
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Identification of clinical pathogens

Fast and reliable detection and identification of bacteria are unquestionably crucial
in the field of medicine to bring benefits for a fast and precise diagnosis and treatment.
Raman spectral fingerprints combined with statistical analysis have been demon-
strated to identify clinically relevant bacteria under defined labouratory conditions®?,
including in the study of E. coli, Klebsiella pneumoniae, Proteus mirabilis, Pseudomonas
aeruginosa, Enterobacter cloacae, Staphylococcus aureus, Staphylococcus epidermidis,
Salmonella, Chlamydiae, Enterococcus, mycobacteria and many more®%%9.

Raman-based evaluation can also be directly applied to the analysis of body fluids
for the identification of pathogenic bacteria present in patients®. Harz et al. have
applied SCRM to detect bacteria in the cerebrospinal fluid of patients with bacterial

)70, Kloss et al. have built a Raman

meningitis via hierarchical cluster analysis (HCA
database containing more than 10000 SCRS for the identification of 34 bacterial strains
out of 13 species in ascitic fluids’!. The same group also built up a database of 11
important pathogens in urinary tract infections’?. An accuracy of 92% on a species
level was achieved via a support vector machine (SVM). Identification of bacteria in the
sputum sample using SCRS was also achieved on the basis of a principal component
analysis (PCA) followed by linear discriminant analysis (LDA)"®. SERS also enabled
rapid identification of pathogens in human blood which usually has a lower bacterial
count compared with other body fluids®74.

The effect of antibiotics—bacteria interactions is also an important point in a
clinical approach. Munchbert et al. investigated how antibiotic treatment of bacteria
influenced the bacterial SCRS®®. Before the treatment, an LDA model was built to
identify two strains of E. coli and two species of Pseudomonas spp. Upon treatment of
four antibiotics, namely, ampicillin, ciprofloxacin, gentamicin and sulfamethoxazole,
the model succeeded at bacterial identification with accuracies of 85.4%, 95.3%, 89.9%,
and 97.3%, respectively. In addition to the successful identification of bacteria treated
with antibiotics, a study by Moritz et al. used laser tweezers Raman spectroscopy to

characterise the metabolic states and the spectral changes associated with the cellular

response of E. coli cells to cefazolin”®. A PCA demonstrated an accurate identification
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of different metabolic states and suggested a great potential of Raman biomarkers

towards the identification of cell responses to antibiotic drug treatment.

Identification of food- and water-borne pathogens

The presence of pathogens in food can also be examined with SCRM, which has
the potential for routine uses in a food safety test. Meisel et al. have constructed a
database of 4622 SCRS and a three-level classification tree based on SVM successfully
discriminated 19 meat-associated bacterial species’®. The same group also illustrated
the applicability of SCRM to identify food-borne pathogens in spiked milk’” "8, Assaf
et al. have applied Raman spectroscopy to identify Salmonella spp. from rice, oat,
wheat, maize, chicken and pork’®. This study also suggested a standardised protocol
of using Raman-based control systems in the food-production field.

In the field of guarding water quality, several proof-of-concept studies using Ra-
man spectroscopy can be found. Raman identification of Pseudomonas strains, E.

80,81 In a

coli and coliform strains was suscessfully performed in drinking water
study by Kusic et al. cultivation-free identification of Legionella species in the VBNC
state was achieved by Raman microspectroscopy combined with multiclass SVMs®2,
Raman spectra of 22 strains of the water pathogen Legionella were distinguished

from those of other common aquatic bacteria E. coli, Klebsiella pneumoniae and

Pseudomonas aeruginosa.

Identification of environmental bacteria

While detection and identification of microorganisms are key in medicine and
the food industry, one should also realise the amazingly diverse distribution and
importance of bacteria in environments of soil, ocean, air, as well as the plants and
animals that inhabit these domains and artificial environments such as bioreactors
or microbial fuel cells.

Productions of chlorophyll, carotenoids and other pigments serve as survival
strategies in microorganisms such as halophilic heterotrophic bacteria, cyanobacteria

and algae to cope with hazardous environments with extreme temperature, pressure,
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pH, salinity, radiation insolation and restricted nutrient and oxygen availability®3.
Detection of those photosynthetic or protective pigments is key in understanding
terrestrial extremophilic strategies and searching for extinct or extra-terrestrial life.
Because these pigments give strong resonant RR signals under certain excitations,
they are recognised as specific biomarkers in Raman spectra and give unique ad-
vantages of applying Raman spectroscopy in in situ geological and astrobiological
studies of bacteria.

For example, Raman spectra of different carotenoids from representative species
of archaea, bacteria, cyanobacteria and algae were obtained with excitation by a 514.5-
nm laser®?, by targeting the three carotenoid bands at 1003, 1155 and 1512 cm™!.
A review of Raman spectroscopic investigations in halophiles also summarised the
studying of microbial carotenoids and carotenoid-like pigments in evaporites, salt
crystals and evaporitic crusts®.

Raman detection of chlorophylls including bacteriochlorophylls has also been
applied in the study of photosystems in photosynthetic bacteria®®. An 1064-nm laser
excitation suppresses the accompanying fluorescence®” and enables the observation of
key signatures of the aromatic pyrrole rings coordinated with the central magnesium(II)
ion in the region of 400 to 1,600 cm 188, These characteristic bands have been adopted

to identify the presence of microbial chlorophylls in biogeological specimens®%9,

2.3.4 Computational strategies for the analysis of Raman spectra

Spectroscopic studies rapidly generate large datasets that require computational
processing to derive useful biochemical information. Because of the high number of
features (i.e. Raman wavenumbers) present in a Raman spectrum, the analysis of a
spectrum is often challenging and requires careful selection and performance of a
computational analysis. Depending on either exploratory purposes or diagnostic/-
classification purposes, applying different techniques in Raman analysis is possible to
extract informative images, patterns and biomarkers, as well as to classify the samples

based on their entire spectra.
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Feature extraction techniques

Feature extraction techniques are responsible for extracting a smaller number of
variables that are more informative out of a pool of original wavenumber variables.
They can either reconstruct the data into smaller dataset thus aiding the visualisation
or help to select a few important biomarkers.

Dimension-reducing techniques such as PCA and partial least squares (PLS) are
often desirable in the study of multivariate datasets like Raman spectra. PCA is
often the first analysis performed by researchers on a new Raman dataset®. It is
a powerful tool to reduce the high dimensionality and uncover hidden relationships®?.
PCA reconstructs a new co-ordinate system with the new variables as the principal
components (PCs) and each PC is a linear combination of the original variables,
i.e. the wavenumbers and intensities measured in a Raman spectrum. This new
co-ordinate system is better at conveying the information present in the data then
the original measurement variables because it filters background noise and retains
only the most important features. In the case of a Raman spectrum that contains a
lot of correlated biological information, only a few PCs are enough to explain most
of the spectral variance.

LDA is another linear transformation technique that is often used by spectroscopists®3.
Unlike unsupervised PCA, LDA is a supervised approach (i.e. classes are taken into
account prior to the analysis). As in any supervised method, LDA can overfit small
datasets and having the number of spectra at least five times bigger than the number
of variables can potentially avoid this problem?. Using a PCA at a prior stage is one
way to achieve segregation with a smaller dataset, i.e. PCA-LDA, but this does not
guarantee that the scores are unbiased®!. Techniques like PCA, LDA and PCA-LDA
allow one to visualise the dataset in a reduced-dimensional space and extract the
features that convey most of the spectral information.

Except for PCA and LDA as feature reconstruction techniques, some more specific
feature selection techniques are useful to extrapolate existing features from the dataset,
such as specific wavenumbers that can be identified as biomarkers. Approaches

based on successive projections algorithm and genetic algorithm have proven to be
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useful to remove redundant variables and only include informative variables in the

resultant model®®.

Classification techniques

In Raman approaches, besides feature extraction to reduce and visualise the
original complicated dataset and to find informative biomarkers, classification based
on samples’ spectra is often desirable for diagnostic and practical purposes.

Unsupervised classification usually relies on clustering methods that are designed
to cluster the spectra into groups, based on the similarity between spectra. Fuzzy c-
means clustering, k-means clustering and HCA are the three most common options%.
Although initially time-consuming, once computed, an HCA results in a hierarchy of
clusters in which the number of clusters can be selected without recalculation and
often gives the best correlations among the three clustering techniques®!.

For diagnostic purposes, supervised classification models are more desirable, and
they are used in most of the studies mentioned in Section 2.3.3. In a supervised
classification model, spectra are often divided into two sets: the training set and the
test set. In the training set, each spectrum has a user-defined class label and it will
be used to train one or a combination of several classifiers. The trained classifier
is then able to categorise each individual spectrum in the unlabelled train set. It
is also a common approach to use an independent dataset to validate the model’s
performance. The sample size is highly influential to the performance and validity of
amodel?. It has been shown that 75-100 samples will usually be needed to train a
classifier in spectroscopic studies®®. In a smaller dataset, cross-validation approaches
to resample and iterate many training and test sets may be suitable for effectively
using as much of the dataset.

Next, I will introduce some of the most common machine learning algorithms for
supervised classification. Many of the techniques and the power of them will be further

exploited and compared on a real-world Raman dataset in Chapter 6.
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Linear classifiers in for example linear discriminant classification (LDC), which is a
classifier version of LDA, are quick and easy to fit but may not be sophisticated enough
to accurately induce the boundaries between non-linear data classes.

A common and conceptually simple approach is k-nearest neighbours (kNN)%.
Because of its simplicity and flexibility, it is widely applied in genetic and spectroscopic
studies'®71%°, In a kNN model, an undefined sample is assigned by the label that is
most frequent among the k (a user-defined number) samples nearest to that query sam-
ple, based on Euclidean distance. It suffers significantly from the high dimensionality
of data and often requires variable reduction prior to classification®.

Random Forest (RF)!% is a popular choice in the area of bioinformatics such as
genetic analysis, metabolomics, medical image analysis as well as Raman spectroscopic

analysis!07-111

owing to its unique advantages in handling small sample size, high-
dimensional feature space and noisy dataset'!?. RF is an ensemble learning method
that operates by constructing multiple Decision Trees. One decision tree is a tree-
like model in which each decision node branches and splits the data according to
certain parameters and each leaf presents a decision. An RF constructs hundreds and
thousands of Decision Trees and then predicts the outcome of the classification by
majority votes. Like Decision Trees, RF naturally incorporates variable screening and
feature selection during the process. While retaining many benefits of Decision Trees,
RF improves in terms of stability and accuracy by random sampling and bagging. The
main disadvantage of RFs is their complexity, therefore more time and computational
resources are required to train RF models.

SVM is another class of classifiers that is increasingly popular and shown to be
powerful in bioinformatics. It can be applied to DNA and protein sequences!!3-116 a5
well as spectroscopic data'!”"119. The SVM technique was first introduced by Vapnik
and his group in 1995'2°. The original idea is to use a linear hyperplane to separate the
data in a high-dimensional space. For problems which cannot be linearly separated,

SVMs with non-linear transformations (kernels) are introduced. In the transformed

feature space it is more possible to find an optimal separating hyperplane. Building an
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SVM requires careful tuning of parameters deciding the hyperplane, such as soft/hard
margin, the choice of the kernel and misclassification tolerance.

Artificial neural networks (ANNs)'?! are now commonly applied in pattern recog-
nition and their effectiveness in bioinformatics has been explored. This is due to
their ability to cope with the highly complex dataset by simulating layers of biological
neurons'??. However, due to the complexity of their designing, ANNSs are easy to overfit.

The choice of a machine learning algorithm and the training of the model are vital
in the task of classification based on Raman spectra. By employing many powerful
machine learning techniques and constantly building and updating the databases, it
is possible to classify bacteria with different genera, species or even strains based on

their Raman spectra with very complex information and often minute differences.

2.4 You are what you eat—stable isotope probing of bac-
teria

Bacteria have evolved a remarkably versatile spectrum of metabolic capabilities.
They are constantly changing and adapting according to different environmental
conditions. Interactions between microbes and their environment have been increas-
ingly studied using stable isotope probing (SIP)!?3. SIP involves exposing microbes
to isotopically labelled substrates that are consequently assimilated into microbial
biomass by the microorganisms that are actively involved in specific metabolic pro-
cesses. Molecular analysis of the labelled biomarkers thereby reveals the functional
information about the bacteria responsible for the metabolism of a particular substrate.
Using isotopes that mimic their naturally abundant counterparts provides a direct
link between microbial identities and their functions without altering the natural
substrate pool.

While modalities like isotope ratio mass spectrometry and nuclear magnetic reso-
nance (NMR) spectroscopy require at least 300,000 bacterial cells, Raman microspec-
troscopy or secondary ion mass spectrometry (SIMS) coupled with SIP enables an
analysis of microbial functions at a single-cell level'?#12%, However, SIMS is limited

by its destructive and expensive features. Raman microspectroscopy exceeds other
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techniques in its non-destructive, sensitive and relatively cheap nature. While a Raman
spectrum already conveys intrinsic, phenotypic information, more insight into bacteria
functions can be obtained by combining Raman microspectroscopy with SIP using

2H, 13C and !®N-containing substrates'?®,

2.4.1 Principles of Raman-SIP

Because Raman spectroscopy considers changes in vibrational modes of molecules,
a mechanical model can be used to consider a molecular vibration as a classical spring
model. A classical ‘two-balls-on-a-spring’ approach provides an equivalence of a
diatomic molecule with two atoms with masses m; and my connected by a chemical
bond. The vibrational frequency v of such a molecule is described as:
1 |k

=— /= 2.11
v 2nc\ u ( )

where c is the speed of light, k is the force constant of the spring (diatomic bond)
and p is the reduced mass given by:

nmym
1772 2.12)

M

Therefore, the vibrational frequency v is inversely proportional to the square root
of the reduced mass p. When an atom is replaced by its heavier isotope, u increases,
therefore, v decreases. Taking C-D replacement of C-H as an example, if the 'H atom
is replaced by the D atom, u almost doubles and the ratio of the new v to the old v
will be 1.36. Therefore, C-D vibrations usually appear in the silent zone of a Raman
spectrum at around 2100-2200 cm ™!, red-shifted from the C-H vibrations at 2800-3000
cm™!. Thus, a strategy to quantify D incorporation is to calculate the percentage of the
integrated C-D band area to the sum of the integrated areas of the C-D and C-H bands:

Ac-p

Dincorp = —AC—D+C—H (2.13)

Redshifts of Raman bands can also be observed when replacing 12¢ 14N, 180 or
328 with their heavier analogues, although 2D, 13C and '°N are mostly used in Raman-

SIP studies for functional studies of microbes!?%. Compared with the C-D shifts, the
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extent of the red shift is considerably less dramatic in 3C and !°N substitutions due
to the comparably low changes in p.

By feeding microbes with isotope-labelled substrates, active microbes metabolise
these substrates and the isotopic-dependent shifts in Raman spectra can be used
as indicators of isotopic incorporation, thereby ‘you are what you eat’. In addition,
Raman-SIP can be directly combined with fluorescence in situ hybridisation (FISH) to
connect the identities and functions of metabolically active members in a microbial

community at the single-cell level'2°,

2.4.2 '3C-labelling in Raman-SIP

13C- and ®N-labelled substrates are most widely applied in Raman-SIP to show
that bacteria specifically harness the labelled substrates as a carbon/nitrogen source3®.

The first Raman-SIP shifts were observed by Huang et al. in 2004 when feeding
Pseudomonas fluorescens with 3C-glucose as the sole carbon source'?’. The most
pronounced band shift occurred from 1001 to 966 cm™!, which can be assigned to the
symmetric benzene ring breathing of phenylalanine. This study was followed by many
other Raman-SIP studies using '*C-labelled carbon sources. For example, by using a
mixture of 12C- and 3C-glucose, Li et al. observed the Raman shifts of phenylalanine
and thymine in the carbon flow from bacterial prey to its predators'?8. In a more recent
study, the SCRS of Deltaproteobacterium grown with '*C-naphthalene exhibited four
peaks at 1001, 909, 978 and 968 cm™!, originating from isotopologues of phenylalanine
with 0, 2, 4 or 6 13C atoms in the aromatic ring of phenylalanine, respectivelylzg.

Phenylalanine serves as a good indicator for observing Raman shifts, not only
because of the prominent shifts as a result of D substitutions on the aromatic ring
but also as the phenylalanine shifts indicate a de novo synthesis of aromatic amino
acids from the labelled substrates. This was illustrated in a study by Eichorst et al.,
in which no shifts were detected by Raman microspectroscopy in soil bacteria fed

with 13C cellulose!3°

. Although the soil bacteria actively metabolised cellulose, they
fulfilled their need for amino acids by directly taking up from the soil environment

instead of synthesising them from the carbon source. This study also suggests the
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importance to keep a clean sample background in the applicability of Raman-SIP in
the studies of environmental samples.

In the case of unobservable phenylalanine shifts, other 13¢ induced shifts should
be used (Figure 2.6A) such as in Raman bands of Amide I (~1662 to ~1621 cm™ ),
Amide II (~1577 to ~1567 cm™!), CHj3 stretching (~1340 to ~1313 cm™!), Amide III
(~1247 to ~1232 cm™!) and ring-breathing mode of cytosine and uracil (~780 to
~765 cm~1)126127,131,132

Raman-SIP studies with red-shifted Raman bands of bacterial chromophores have
emerged recently, utilising the RR effect that has been discussed in Section 2.2.3
and 2.3.3. Li et al. showed that fixation of 13CO, into carotenoids by cyanobacteria
produced redshifts at all three carotenoid positions'33. In this single-cell Raman-SIP
approach, single cells capable of carbon fixation were identified from complex samples
such as mixed cultures and natural seawater. Geobacter metallireducens is an iron-
reducer capable of degrading aromatic pollutants and accumulating a large amount
of c type cytochromes. In another study, SCRS of Geobacter metallireducens fed with
13C-acetate were obtained to study the assimilation of 3C from carbon sources to
cytochrome c'?%. No redshift was observed at 748 cm™!, indicating that no or only a
few 13C atoms were involved in the porphyrin breathing mode. However, the peaks at
1128, 1311 and 1583 cm™! all showed clear redshifts of about 5 cm™! to 1123, 1307

and 1577 cm™!, respectively.

2.4.3 '"N-labelling in Raman-SIP

15N-labelled substrates are rarely used in Raman-SIP studies. Because of a larger
atomic mass, the ®>N-induced Raman shifts are smaller than those caused by 13¢-
substitutions (Equations 2.11 and 2.12) and can be masked by other Raman bands.

Most frequently observed redshifts are caused by an incorporation of *N into
nucleic acids!3*1%°, In a study by Muhamadali et al., SCRS of E. coli cells grown with
15N ammonium chloride exhibited a shift at the cytosine and uracil band, moving from
781 to 778 cm™!. It should be noted that a combination of }3C- and °N-labelling was

used in this research. Quantitative differentiation of bacterial cells incubated with
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Figure 2.6: Raman spectra of E. coli with highlighted bands caused by incorporation of (A) 13C
or 12C and (B) D or H into the biomass, modified from reference [126].
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different ratios of 1*C/2C and '>N/!*N was also enabled at the single-cell level by
employing PCA- and PLS-based clustering analysis!3®. Two more recent '°N-Raman-
SIP studies utilised the SERS effect and observed different SERS spectra of bacteria
with "N assimilation!3""138, Cui et al. discovered that both °N-labelled single cells
and colonies displayed strong shifts at various positions (653, 730, 793, 957, 1216
and 1325 cm™!), mostly associated with ring-breathing modes of nucleic acids and

C-N stretching modes in proteins'3”.

2.4.4 D-labelling in Raman-SIP: Raman-DIP

Raman-DIP with D-labelled substrates to monitor specific metabolic features

Similar to the 3C and !°N approaches, D-labelled substrates can be given to
microbes and the de novo synthesis of particular biomolecules can be tracked by
observing corresponding shifts in the Raman spectra. It should be noted that D-
labelled substrates are often used simultaneously and complementarily with 3C-
labelling in Raman-SIP experiments. Geobacter metallireducens grown with D-acetate
displayed a Raman spectrum with isotopic phenylalanine shifts!?°. Similar shifts in
phenylalanine were also observed in another study using D-labelled glucose as sole
carbon source'®?. Compared with the diverse Raman-SIP studies utilising '*C-labelling,
Raman-DIP with D-labelled substrates to study metabolic pathways of bacteria is
still new and under-explored. In Chapter 4, one of the aspects in Raman-DIP using
deuterated carbon source to link bacterial single cells to their carbon metabolism
will be discussed and applied.

Different deuterated substrates have also been used to monitor the metabolic
features in eukaryotic cells. Manen et al. reported the detection of isotope-labelled
proteins using D-labelled phenylalanine, tyrosine and methionine in single HelLa
cells'3%, A similar approach with SRS microscopy was used by Wei et al.!*°. Through
the incorporation of D-labelled amino acids, they imaged the newly synthesised
proteins in live HeLa and HEK293T cells. Moreover, SRS microscopy with higher
spatial and temporal resolution could readily generate spatial maps of the quantitative

ratio between newly synthesised and total proteomes. Stiebing et al. visualised lipid
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uptake and storage within single macrophages using deuterated fatty acids'!. Li et
al. used glucose-d; as a tracer to visualise the de novo lipogenesis in cancer cells

by employing the SRS effect'*?.

Raman-DIP with D,0 to probe general metabolic activity

Heavy water (D,0) has been suggested as a unique and universal tool to monitor
the synthesis of biomolecules on a global scale!*3144, As an isotopologue of water, D,0
can rapidly and freely equilibrate with the total body water inside a cell and D atoms
can exchange with the H atoms to form a variety of X-D bonds. Different from the
often non-enzymatic reactions to form heteroatomic X-D bonds such as O-D, N-D
and S-D, C-D bond formation depends solely on enzyme-catalysed chemical reactions
due to the stronger C-H bond strength. In C-H/C-D exchanges, D atoms from D,0O
are rapidly incorporated into metabolic precursors of different classes of biomolecules
such as deoxyriboses, acetyl-CoA/NADPH, amino acids and phosphoenolpyruvate
(PEP) (Figure 2.7). These precursors with D labelling are then slowly incorporated into
their final products, which are nucleic acids, lipids, proteins and carbohydrates (Figure
2.7). For example, the reduction reactions to synthesise lipids are through the action of
NADP*/NADPH, and D is incorporated due to free exchange with the hydrogen ion
(Figure 2.8). The rate-determining step of the biomolecules’ synthesis is governed by
cellular metabolic activities. Therefore, D,O serves as an ideal agent to probe general
metabolic activities through the emergence of a variety of D-labelled macromolecules.

Raman-DIP using D,0O has been demonstrated to measure general metabolic
activities of microbial single cells, first reported by Berry et al'*®. By incubating
microbes with D, 0, physiologically active cells can be rapidly and sensitively identified
with Raman by measuring the C-D peak at 2170-2300 cm™! which is the silent region
with no presence of other biological bands (Figure 2.6B). The metabolic activity can be
semi-quantified and compared by measuring the degree of D incorporation (Equation
2.13). In fast-growing E. coli cells, D detection was already possible after 20 min!'*°.

Furthermore, Raman-DIP via D,O incubation can be combined with FISH for the

identification of active microbes!'*®. By labelling the mouse caecum microbiota with
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FISH probes and monitoring the activity of single cells after incubation with various
substrates, it was revealed that Akkermansia muciniphila and Bacteroides acidifaciens
exhibited distinguishable response patterns to the addition of mucin and sugars'#.
This study also introduced the possibility to pinpoint microorganisms metabolising
any substrate of interest: by adding D,0O and any unlabelled substrate together, only
microbes that are active and stimulated by the added substrate will show elevated
C-D signals compared with the non-active members in the community. In a study
by Eichorst et al., Raman-DIP using D, O was first applied to investigate the ratio of
active microbial cells in the soil as well as in soil with supplemented carbon'®°. In a
recent study, Tao et al. applied single-cell Raman-DIP in antimicrobial stewardship
to determine the minimum inhibitory concentration based on metabolic activity of
bacteria under different antibiotic treatments'4’. The same approach was applied
to in situ identify the antimicrobial-resistant bacteria in the Thames River within 24
hours after dosing carbenicillin or/and kanamycin!48. In Chapter 5, the application

of Raman-DIP via D,0 incubation will be further investigated in the intracellular

pathogen Salmonella.

Advantages of Raman-DIP in metabolic studies

SCRM-DIP has advantages over other analytical technologies of SIP in terms of
its non-destructive nature and detection at the single-cell level. Its non-destructive
nature offers possibilities for downstream single-cell sorting and omics (e.g. single-
cell genomics) analysis'?®!4, When combined with metabolic studies, it has the
potential to provide a culture-independent approach to probe metabolic activity at
the single-cell level in complex microbial communities.

In SIP practice, *C-labelled or 1°N-labelled derivatives of substrates are generally
expensive and many of them are not commercially available, which limits their use in
Raman-SIP studies!'?®143, This problem can be overcome by using much less expensive
D-labelled substrates of either cheap D,O or deuterated compounds synthesised more

efficiently and more cost-effectively by H/D exchange reactions in D,0 environment!°.



2. Background 40

The relatively low cost and high versatility of D-labelled substrates allow wider appli-
cability to make a broad range of complex deuterated substances, including natural
products, medicines and deuterated mixtures containing multiple chemicals. Raman-
DIP with these D-labelled substrates is therefore invaluable in the functional studies

of microbial cells in their natural habitats at the single-cell level.

2.5 Outlook

This chapter has provided a basic outline of the principles of Raman microspec-
troscopy and Raman-DIP, with an emphasis on their applications in phenotyping
bacteria. SCRM will be put to a significant application in the next chapter to explore
the phenotypes of a plant bacterium in symbiosis with its host plant. SCRM combined
with Raman-DIP, thereby SCRM-DIP will be explored further and put to specific

applications in Chapters 4 and 5.
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In the last chapter of background, I have repeated that Raman microspectroscopy
has unique advantages in phenotyping bacteria and Raman spectra can be used to
identify a variety of cellular components. In this chapter, SCRM will be employed to
an uncharted area of investigating genetic mutants of a symbiotic plant bacterium
Rhizobium. I will demonstrate that SCRS can be regarded as biochemical fingerprints
of Rhizobium cells, consisting of a collection of biomolecules that can be used to
identify and characterise bacteria at a single-cell level. SCRS will be used to differentiate
different physiological states of bacteria, link phenotypic changes with specific genetic

mutations, and assess heterogeneity within a single bacterial population.

3.1 Introduction

Nitrogen fixation by Rhizobium-legume symbiosis provides a significant fraction

of the available nitrogen in the biosphere, making it agronomically and ecologically

41
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important'®!. This symbiosis starts with the soil bacteria Rhizobium stimulating
leguminous plants to develop root nodules, which the bacteria infect and inhabit
(Figure 3.1). Upon ‘infection’ of leguminous plants such as Pisum sativum (pea),
cells of Rhizobium leguminosarum (R. leguminosarum) are carried into the host
plant cells via an infection thread and released into the plant nodules where they
terminally differentiate into bacteroids. The root nodule is an optimal low-oxygen
environment required for nitrogen fixation as the nitrogenase enzyme is inactivated
by oxygen!®?. Ultimately, the two organisms dwell together in unity and establish
metabolic cooperation: the plant reduces carbon dioxide into organic carbon in the
form of dicarboxylic acids during photosynthesis and translocates these to the root
to fuel the bacteria; the bacteria reduce molecular nitrogen into ammonia and export
to the plant for assimilation!®.

As bacteria differentiate into nitrogen-fixing bacteroids, they undergo morpho-
logical and transcriptional changes. The free-living rhizobia appear as straight and
regular rods; in root nodules, the nitrogen-fixing bacteroids are irregular in structure
and are often Y-shaped!®®. In bacteroids, genes involved in motility and reproduction
are suppressed, and those required for nitrogen fixation are upregulated!>®. Genes
required for this nitrogen-fixing machinery are found on a sym plasmid, the genetic
organisation of which varies between strains and hosts, allowing for tight control
over host specificity. The sym plasmid encodes for nitrogenase subunits nifHDK
as well as an operon encoding the fixABCX genes. The operon fixABCX encodes
an electron transfer flavorprotein, FixAB, and its electron acceptor electron transfer
flavoprotein quinone oxidase, FixCX. These proteins carry electrons to the nitrogenase
enzyme (which requires 8 electrons per molecule of nitrogen fixed). Previous studies
have shown the fixABCX gene products to be essential for a functional symbiosis
in several species'®>~159,

The high electron requirement of nitrogen fixation requires careful coordination
with other cellular processes in order to maintain the redox balance within nitrogen-
fixing bacteroids. Carbon storage sinks play an important role in maintaining this

balance. R. leguminosarum oxidises a wide range of carbon sources and stores excess
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Figure 3.1: Rhizobium-legume symbiosis to form root nodules: (A) Bacteria sense flavonoids
secreted from the roots of host leguminous plants. (B) Bacteria produce Nod factors which in
turn causes root hair growth and deformation and formation of infection threads. (C) Bacteria
are encapsulated in infection threads. (D) Infection threads, after reaching the root cortex,
release bacteria into plant cells and initiate nodule development. Inside root nodules, bacteria
turn into bacteroids. The figure is taken and modified from reference [154].

carbon and reductant in the forms of polyhydroxybutyrate (PHB) and glycogen. These
storage polymers can be detected in rhizobia, including in their differentiated bacteroid
state!%161 PHB is produced by many bacteria under nitrogen-limiting but carbon-rich
conditions'®?, and can be degraded to produce acetyl-CoA when cells switch to carbon-
starvation states'3. In R. leguminosarum bv. viciae, PHB is found inside the infection
threads carrying undifferentiated rhizobia into their host plant cells'®*. This PHB is
thought to be degraded to fuel bacteroid differentiation process'®”'6*, In developed
bacteroids within pea nodules, glycogen is considered to be the main carbon storage
compound used to relieve redox stress under conditions where carbon is in excess'®°.

160

Transmission electron microscopy (TEM) of infection threads'®" shows granules of a

third, electron-dense storage compound, which is thought to be polyphosphate!6°.
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In a similar manner to PHB, polyphosphate is synthesised under conditions of stress
and builds up as granules known as volutin!®°.

To examine these biologically significant molecules in the process of bacteroid
development as well as in symbiotic efficiency, R. leguminosarum bv. viciae strains
were obtained, including from both liquid culture and from root nodules. Genetic
mutants of PHB synthase, glycogen synthase and/or polyphosphate synthase, and a
knockout mutant of a nitrogenase gene were also obtained.

Traditional chemical analysis is often used to study bacterial metabolism and
measure the bulk abundance level of the molecules. In the case of rhizobia, bacteroids
are terminally differentiated and cannot be cultured outside of the nodule. This
requests large volumes of plant material to carry out biochemical assays. Furthermore,
a bulk measurement approach could overlook important information on cellular
heterogeneity which results from stochastic gene expression and various physiological
states, such as between infection-thread bacteria and differentiated nitrogen-reducing
bacteroids. Therefore, evaluation and quantification at the intracellular level has been
difficult and dependent on molecular tools such as fluorescence in situ hybridisation
(FISH) and quantitative polymerase chain reaction (qPCR)!%7168 These techniques,
however, can only be applied to in vitro and pre-known genetic conditions, and often
require external labelling.

Here I present SCRM, a label-free technique which measures molecular vibrational
fingerprints of single cells. In this study, SCRS are used to discriminate different
physiological states of R. leguminosarum and, for the first time, differentiate genetically
defined mutants from their wild types. This study will demonstrate that SCRS are
able to detect the relative abundance of intracellular biomolecules in single cells,
such as cytochrome ¢, glycogen, PHB and polyphosphate. Notably, biochemical
analysis at the the single-cell level allows discovery of heterogeneity within a single

bacterial population.
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3.2 Materials and Methods

Strains and culture conditions. Strains used in this study are detailed in Table 3.1.

169 and

Free-living R. leguminosarum bv. viciae strains were grown at 28 °C in TY media
the cultures were centrifuged at 4000 g for 20 minutes. The wild-type strain RIv3841 and
RIvA34 were grown in free-living laboratory culture and isolated as bacteroids from
P sativum nodules. Glycogen synthase (glgA) and PHB synthase (phaC) mutants
were generated according to Lodwig et al.'®® and Terpollili et al.!52, Mutants of
polyphosphate synthase (ppk) and nitrogenase gene (fixAB) were constructed as part

of this work by I. Webb. The mutants were inoculated on P, sativum and bacteroids

were harvested.

Table 3.1: Strains used in Chapter 3

Strain Description/mutation Reference
Rlv3841 Wild type; Rhizobium leguminosarum (170, 171]
bv. viciae str' derivative of strain 300
RIVvA34 Wild type; Sym plasmid pRL1JI (viciae) [172, 173]
derivative of 8401 bv. viciae, str*
LMB777 Rlv3841 AfixAB I. Webb (unpulished)
LMB816 RIv3841 phaCl::Tn5, phaC2:(), str', [174]
kan', sp’
OPS706 RIv3841 ppk::€2, str', tc’ I. Webb
(unpublished)
OPS744 LMB816 ppk:Q, phaCl::Tn5, I. Webb
phaC2::(), kan', sp', str', tc' (unpublished)
RU1448 RIvA34 gigA::TnB60, str', kan' [160]
RU1478 RIVA34 phaC:(), glgA:TnB60, str, [160]
kan', spc’

Bacteroid preparation. P, sativum cv. Avola seeds were surface sterilised using
95% ethanol and 2% sodium hypochlorite. Seeds were sown in 1 L pots containing
sterilised vermiculite and 400 mL of nitrogen-free rooting solution'’>. Seeds were
inoculated with 1 x 107 cells of the appropriate rhizobial strain. After 28 days, the
plants were harvested and the nodules were collected. The collected nodules were

ground in an isolation buffer (8 mM KyHPO,, 2 uM KH,PO,4, 30 mM sucrose, 2 mM
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MgCl,). The resultant brei was strained through muslin and centrifuged at 1000 g
for 5 minutes to remove plant material. The resulting supernatant was centrifuged
at 6000 g for 5 minutes to give a bacteroid pellet.

SCRS measurements. Samples were washed with Milli-Q water three times to
remove traces of media. They were diluted to make a concentration of ~1,000 cells mL!
to observe individual cells under microscope. Cells were spread onto an aluminium-
coated slide and observed under a 100x microscope objective (Olympus). Individual
SCRS were acquired using an HR Evolution confocal Raman microscope (Horiba Jobin-
Yvon, France) equipped with a 532 nm neodymium-yttrium aluminium garnet laser
and 600 grooves/mm diffraction grating. The laser power on single cells was attenuated
to 4.7 mW by neutral density (ND) filters. An objective with a magnification of 100x0.8
was used to focus the laser beam on single cells with a laser spot size of ~1 um?. Raman
scattering was detected by a charge coupled device (CCD) cooled at —68 °C. The acqui-
sition time was 20 s per spectrum and the spectra were obtained in the wavenumber
range of 600 to 1900 cm™!. For each sample, 30-75 single cells were measured and
from them, average spectra were plotted with the shaded area as standard deviation.
The spectra were occasionally artificially offset to allow better visualisation.

Data processing and analysis of Raman spectra. All spectra were pre-processed
by comic ray correction and polynomial baseline fitting using LabSpec 6 (Horiba).
Spectral normalisation was done by vector normalisation of the entire spectral region.
Data analysis, statistics and visualisation were done under an R environment using
in-house scripts. Quantification of intracellular biomolecule concentration was done
by integrating individual Raman bands and presented as box plots. The rectangle in the
box plots represents the second and third quartiles with a line inside representing the
median. The lower and upper quartiles are drawn as lines outside the box. Stars were
used to indicate statistical significance where**** represents p < 0.0001, *** represents
p <0.001, ** represents p < 0.01, * represents p < 0.05, and ns represents not significant.
Bacteroid sizes were determined by counting pixels in the microscopic images using

Image] (National Institutes of Health, US).
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Transmission electron microscopic analysis. Nodules were fixed in a solution
of 2.5% glutaraldehyde in 0.05 M sodium cacodylate (v/v) at pH 7.3. Samples were
washed in 0.05 M sodium cacodylate and post-fixed with 1% (w/v) OsO,4 in 0.05 M
sodium cacodylate for 60 minutes at room temperature!®?. Samples were then washed
and dehydrated with ethanol before gradual infiltration with LR white resin (London
Resin Company, Reading, UK) according to the manufacturer’s protocol. Nodules were
then sectioned using a Leica UC6 ultramicrotome (Leica). Ultrathin sections of 90
nm were picked up on 200 mesh hold grids coated in pyroxylin and carbon. Grids
were viewed on an FEI Tecnai 20 transmission electron microscope at 2000 kV. Digital

images were taken using an AMT XR60B digital camera (Deben).

3.3 Results and Discussion
3.3.1 SCRS distinguish cells in different physiological states

The transformation of Rhizobium cells from vegetative bacteria into nitrogen-
fixing bacteroids involves a dramatic alteration of cell physiology. Understanding the
differences between two cell types can help to reveal the underlying developmental
pathway of the bacteroid differentiation which is extremely versatile and important. As
atoolindependent of intrinsic genetics and capable of single-cell resolution, SCRM was
applied to characterise these isogenic but distinct physiological forms of Rhizobium
and distinguish them at a single-cell level.

Figure 3.2A shows the averaged SCRS of R. leguminosarum bv. viciae wild-type
Rlv3841, either as symbiotic bacteroids in mature root nodules (28 days post inocula-
tion) or as free-living bacteria grown in liquid culture. Distinct spectral patterns can
be observed. As around 800 Raman peaks were present in one spectrum in the range
of 600 to 1800 cm™!, unsupervised principal component analysis (PCA) was used to
resolve the high-dimensional Raman dataset. PC1 and PC2 of the PCA explain 60.5%
and 10.4% of the variances among single SCRS, respectively. A PCA plot along PC1 and
PC2 reveals two distinct clusters, indicating clear differences between two phenotypic

profiles of bacteria in two different physiological states (Figure 3.2B).
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Next, PCA contribution plots of squared PCA loading scores were obtained to map
Raman wavenumbers against their contributions to a specific PC and to identify the
most significant Raman bands contributing to the observed clustering. In loading
plots of both PC1 and PC2 (Figure 3.3), four common Raman wavenumbers can be
found at 749, 1128, 1312 and 1584 cm™!. Table 3.2 summarises biological assignments
and vibrational modes of Raman bands appeared in this section. All four bands can
be attributed to the heme molecule cytochrome c, characteristic of vibrational modes
at 749 (porphyrin ring breathing), 1128 (C-N stretching), 1312 (C-H deformation)
and 1584 cm™! (C-C stretching).

In Figure 3.4A with labelled cytochrome c positions, these cytochrome ¢ bands
were found high in the bacteroid cells isolated from the nodules and were much
lower in the free-living cells incubated in rich media. This spectral observation
was further confirmed by integrating individual Raman bands, thus semiquantifying
concentrations of intracellular cytochrome c. Figure 3.4B shows significant decrease
at all four positions of cytochrome c in bacteria grown in culture compared with

symbiotic bacteroids (p < 0.0001).

Table 3.2: Assignment of Raman bands in section 2.3.1

Wavenumber/cm ™! Assignment Vibrational mode Reference
749 Cytochrome ¢ v(porphyrin) (176, 177]
1128 Cytochrome ¢ v(CyN) [176, 177]
1312 Cytochrome ¢ 0(CyH) [176, 177]
1584 Cytochrome ¢ v(CyCh) [176, 177]
780 DNA/RNA v(cytosine, uracil) (50, 178]
1360 DNA/RNA v(guanine, (50, 179]

cytosine)

As introduced in the last chapter, cytochrome c is a heme protein absorbing
visible light at a wavelength of around 530 nm, therefore, using a 532 nm excitation
laser light generates a strong resonant Raman effect of the heme group!'’” (Figure
3.5). This significantly enhances the Raman scattering cross section compared to
the detection of other non-resonant intracellular constituents. These cytochrome

subunits correspond to high-affinity cytochrome cbbs oxidase FixNOQP, which is used
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Figure 3.5: Chemical structure of cytochrome ¢

to maintain respiration within the microaerobic environment required for nitrogenase
activity'8?, This result is in good agreement with the physiological observation of
R. leguminosarum bv. viciae, as cytochrome c is only expressed under low-oxygen
conditions within the nodule, and it should be weak or absent in the free-living,
aerobic culture'®!.

In addition to the difference in intracellular cytochromes, PCA loading plots also
reveal variances in nucleotide contents at 780 and 1360 cm™! (Figure 3.3), which can be
assigned to cytosine and uracil ring breathing, and guanine and cytosine ring breathing,
respectively (Table 3.2). Both of the Raman bands were observed to be lower in cells
within nodules compared to cultured bacteria (Figure 3.4C), which suggests differences
in nucleic acid contents between two physiological states of R. leguminosarum bv.
viciae. This result was confirmed by semi-quantification/comparison of the two bands,
showing significant differences at both positions (p < 0.0001) (Figure 3.4D).

Conflicting results on DNA content of rhizobia have been reported. While some
publications reported a higher DNA content of Rhizobium bacteroids than that of

182,183

broth-cultured Rhizobium bacteria , others showed DNA content of bacteroids

either equal to or less than that of cultured bacteria!®*18. The non-dividing feature
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of bacteroids might be attributed to the Raman observation of lower nucleic acid
contents'®. Nevertheless, nucleic acid content can vary largely from measurement
to measurement depending on different strains, host types, nodule ages, cell sizes,
growth conditions, methods for preparing bacteroids and methods of detection!'®7188,
Traditional nucleic acid quantification methods like quantitative polymerase chain
reaction (QPCR), fluorescence and spectrophotometry, require labouring extraction
process, pre-known genetic knowledge, external labelling, and/or offer only bulk
information!®-191, This study points SCRM as a possible alternative for measuring
nucleic acid content which is quick, label-free and offers a single-cell resolution.
Together, these results suggest that SCRS are able to reflect phenotypic profiles
of R. leguminosarum in free-living or bacteroid states. It provides an insight into
bacterial cells in different physiological states without external labelling or pre-known

knowledge of specific expression. At the same time, it also provides semi-quantification

of biomolecules that of interest at the single-cell level.

3.3.2 SCRS link phenotypic changes with gene knockouts

R. leguminosarum synthesises a wide range of molecules as its carbon storage
compounds during its symbiosis with its host plant. To examine the roles of these
compounds and the underlying carbon managing network, single and double mutants
of R. leguminosarumby. viciae were made which lack PHB synthase, glycogen synthase,
polyphosphate synthase or any two of them. SCRS were obtained for the wild-type
RIv3814 and its derived mutants LMB816 (phaCI::Tn5/phaC2::()), OPS706 (ppk::€2)
and OPS744 (ppk::Q)/ phaCl/ phaC2), and the wild-type RlvA34 and its derived mutants
RU1448 (glgA::TnB60) and RU1478 (glgA::TnB60/ phaC::(2) (See Table 3.1 for details).

The ability to synthesise glycogen, PHB or/and polyphosphate is expected to be
compromised in these mutants (glgA, glycogen synthase mutation; phaC/phaCl/ phaC2,
PHB synthase mutation; ppk, polyphosphate kinase mutation). Strain RIvA34 has a
single gene encoding PHB synthase, phaC, whilst RIv3841 has two PHB synthases,
encoded by phaCl (on the chromosome) and a type II PHB synthase encoded by

phaC2-phaE (on the sym plasmid and expressed only in bacteroids). All PHB mutants
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in the Rlv3841 background had both phaC genes mutated. The chemical phenotypes
of PHB and glycogen mutants were confirmed with lower or non-detectable PHB or
glycogen accumulation'®®. The phenotype of the mutant OPS706 with ppk muta-
tion was confirmed by a bulk DAPI-based assay which shows a significantly lower
polyphosphate accumulation (I. Webb and J. Xu et al., unpublished).

Similar to the results of bulk chemical analysis, SCRS revealed clear phenotypic
changes in the mutants due to the loss of the ability to synthesise different carbon
storage molecules. Figure 3.6A shows the Raman spectra of the wild-type Rlv3814 and
three derived mutants. Figure 3.6B shows the wild-type RIvA34 and its two derived
mutants. Three highlighted bands at 1050, 1172 and 1735 cm™! can be assigned to C-O
stretching vibrations of glycogen, PO,™! stretching vibrations of polyphosphate and

C=0 stretching vibrations of the ester groups in PHB, respectively (Table 3.3).

Table 3.3: Assignment of Raman bands in section 2.3.2 and 2.3.3

Wavenumber/cm ™! Assignment Vibrational mode Reference
1050 Glycogen v(CO) [192]
1172 Polyphosphate v(PO, 1) [168]
1735 Polyhydroxybutyrate v(C=0) (168, 193]
(PHB)

Comparing to their corresponding wild types, a decrease in the characteristic
PHB Raman band at 1735 cm™! indicates that PHB synthesis in the mutants LMB816
(phaCl/phaC2), OPS744 (ppk/ phaCl/ phaC2) and RU1478 (gigA/ phaC) have been
disrupted, corresponding to the different mutations of PHB synthases (Figure 3.6).

Comparing SCRS of RlvA34 with RU1448 and RU1478 that contain defective glgA
(glycogen synthase), a clear reduction at 1050 cm™! (glycogen) in RU1448 and RU1478
indicates that the glycogen synthesis has been compromised (Figure 3.6B). A reduction
in the PHB band is also seen in the single mutant of glycogen mutant RU1448 (gigA),
suggesting a link between biosynthesis of these two carbon storage molecules.

SCRS of the PHB mutant LMB816 (phaCl/phaC2) also show a reduction in the

glycogen band (Figure 3.6A), indicating that the disruption of PHB synthesis has an
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impact on glycogen synthesis. This supports the hypothesis that the biosynthesis
of these storage molecules is linked.

Areduction at 1172 cm™! (polyphophate) of the mutants OPS706 (ppk) and OPS744
(ppk/ phaCll phaC2) compared to the wild-type Rlv3814 suggests that the mutants
have compromised the ability to make polyphosphate, which is consistent with a
mutation in a ppk gene encoding polyphosphate kinase (Figure 3.6A).

Without the need of biochemical assays, SCRS of both single and double mutants
of one or two carbon storage molecules reveal a blockage of specific biosynthesis by
identifying relevant Raman bands.

Statistical analysis of SCRS from 30 single cells has been applied to quantify the
relative abundance of the intracellular polymer in sifu and confirm the link between
gene knockouts and phenotypic changes in mutants. Figure 3.7 shows the abun-
dance distributions of different levels of intracellular carbon storage polymers by
individually examining Raman bands at 1735 (PHB), 1050 (glycogen) and 1172 cm™!
(polyphosphate).

Figure 3.7A shows a statistical distribution of intracellular PHB levels in bacteroid
single cells. It reveals a remarkably lower PHB accumulation (p < 0.0001) in mutants
LMB816 (phaCl/ phaC2), OPS744 (ppk/ phaCl/ phaC2) abd RU1478 (glgA/ phaC), all
of which completely prevent PHB synthase (either phaC in the A34 background, or
phaCl1/phaC2 in the Rlv3841 background). A correlation between PHB and glycogen,
which both serve as carbon storage compounds, is also found in both SCRS (Figure 3.6)
and single-cell statistics (Figure 3.7A). A single gene mutation of glycogen synthesis
in the mutant RU1448 (glgA) leads to a decrease in PHB level compared to in the
wild-type RIvA34 (p < 0.01). This suggests a link between biosynthesis of these two
carbon storage molecules; in the absence of glycogen stores, PHB was more rapidly
broken down in order to provide carbon or reductants. On the other hand, a single
mutation in a polyphosphate kinase ppk in OPS706 shows no effect on the intracellular
PHB levels (p > 0.05).

The glycogen quantification was compared by integrating the Raman band at

1050 cm™! of each strain (Figure 3.7B). It is observed that RU1448 (glgA) and RU1478
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(glgAl phaC) have a significant decrease in the glycogen level, compared to their wild-
type strain RIvA34 in bacteroid state (p < 0.0001). Both single (RU1448) and double
(RU1478) mutants lose their ability to store glycogen in the carbon-excessive bacteroid
state, which is in a good agreement to the previous report'’. Notably, a single mutation
in the polyphosphate kinase (ppk) leads to a significantly compromised glycogen
accumulation in OPS706 (p < 0.0001). Polyphosphate plays a role in redox stress
protection and metabolism, therefore polyphosphate disruption may result in higher
redox stress and a requirement for glycogen as a reductant sink!”>1%, SCRS and
statistical quantification of the PHB mutant LMB816 (phaCl/phaC2) display a glycogen
level lower than the wild-type RIv3841 (p < 0.0001), supporting the hypothesis that
biosynthesis of glycogen and PHB is linked. Surprisingly, the double gene mutant
OPS744 (ppk/ phaCll phaC2) isolated from the root nodules shows a strong glycogen
accumulation, significantly higher than the wild type (p < 0.0001). The double PHB
synthase mutant LMB816 (phaCl/phaC2) does not show this overproduction of glyco-
gen, suggesting that the removal of a polyphosphate synthesis gene could have an
effect on glycogen synthesis in R. leguminosarum bv. viciae.

In Figure 3.7C comparing intracellular levels of polyphosphate, Raman analysis
shows a significant decrease in both OPS706 (ppk) and OPS744 (ppk/ phaC1/ phaC2)
compared to their wild-type Rlv3814 (p < 0.0001), which confirms the compromised
capability of polyphosphate synthesis in these novel mutants. On the other hand,
removing PHB synthases and glycogen synthase seems to have no effect on polyphos-
phate production.

The observation of a coupled relationship between PHB and glycogen disagrees
with previous experiments of Rhizobium tropici and Rhizobium etli, reporting that
amutation in PHB synthesis led to increased glycogen accumulation!%. Our results
suggest a clear linkage between these two storage molecules in which a knockout in
glycogen synthesis compromises the ability to synthesise PHB and a knockout in PHB
synthesis reduces glycogen accumulation. However, glycogen is specifically increased
when PHB and polyphosphate are knockouted at the same time. The production

of these carbon storage molecules may be tightly coupled in R. leguminosarum bv.



3. Application of SCRM in phenotyping symbiotic plant bacteria 58

viciae, under the control of a so-far unknown global carbon regulatory network acting
to maintain redox balance. Further experiments on double mutation in ppk and
glgA could be done to investigate the reciprocal relationship on PHB accumulation

when polyphosphate is involved.

3.3.3 Single-cell resolution allows heterogeneity analysis within a
single bacterial population

The ability to link phenotypic biopolymers (e.g. PHB, glycogen and polyphosphate)
and genetic mutations by SCRS was further investigated in LMB777 (AfixAB), a derived
mutant of the wild-type Rlv3841. The fixABCX mutations in R. leguminosarum has
an essential role for a functional nitrogen-fixing symbiosis with the host. The fix gene
mutants can cause nodule development, but the nodules are not capable of fixing
nitrogen, thus demonstrating a Nod"Fix~ phenotype!®3. Here, SCRM was applied to
carry out biological characterisation of the mature LMB777 bacteroids at 28 days

post inoculation.
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Figure 3.8: Bright-field microscopic images of the wild-type Rlv3841 mature bacteroids (A &
B), and the AfixAB mutant LMB777 with two distinct morphologies (C & D). Scale bar 2 pm.

Under microscope, drastic morphological differences were observed between the
wild-type bacteroids (Rlv3841) and the AfixAB mutant cells (LMB777) (Figure 3.8).
While the wild type showed a homogeneous Y-shaped morphology (Figure 3.8A and
B), two distinct morphologies were found in the mutant (Figure 3.8C and D). The first
morphology is of swollen and larger Y-shaped bacteroids; the second morphology
is rod shape and of smaller cells. This indicates two separate fates for mutated cells
that cannot fix nitrogen and might account for distinct biological phenotypes. The

heterogeneity in phenotypes within a single bacteroid population makes it difficult
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to carry out conventional biochemical assays, as the phenotypes mask one another.
Here, the use of SCRM provides a solution to unveiling biochemical phenotypes of
the mutant at the single-cell level.

Figure 3.9A shows the SCRS of the wild-type Rlv3841 (n = 57) and the mutant
LMB777 (n = 75). Intriguingly, two distinct Raman phenotypes were observed; either
with a PHB band larger than that in the wild type (PHB+) or with a substantially
smaller PHB band at 1735 cm™! (PHB-).

The sizes of individual cells were calculated for the wild-type Rlv3841, LMB777
(PHB+) and LMB777 (PHB-) by Image]. It was found that these two phenotypes
corresponded to differing cell sizes compared to the wild type (Figure 3.9B). A fitted
normal distribution of the single-cell measurements shows an average cell size of
3.312 pm? for the PHB+ phenotype and 1.386 um? for the PHB— phenotype, whilst the
wild-type sits in the middle with a size of 2.284 um?. The PHB— phenotype features a
smaller standard deviation in cell size, matching the microscopic observation that 95%
of this phenotype (18 out of 19) retained rod shape with a smaller size (Figure 3.8D).
The PHB+ phenotype, on the other hand, shows a wider bell-shaped distribution, and
75% of the population (42 out of 56) being Y-shaped (Figure 3.8C).

This result combined with the bright-field microscopic images confirms that there
is a correlation between individual cell size and biological phenotype: PHB tends to
accumulate in larger and Y-shaped cells and disappears in smaller and rod-shaped
bacteroids. The glycogen levels characterised by the 1050 cm™! band appeared to
follow the same trend as glycogen being higher in the PHB+ phenotype, indicating
larger bacteroids of R. leguminosarum that are unable to fix N, accumulate both
glycogen and PHB. This result also confirms the linkage between the two storage
molecules, PHB and glycogen, as described in the last section. The polyphosphate
levels at 1172 cm™! were also differing in two phenotypes (Figure 3.9A); the PHB+
subgroups showed a substantial decrease in polyphosphate level compared to the wild
type while the PHB— cells accumulate more intracellular polyphosphate.

Our results indicate a bimodal heterogeneity existed in a single population of bac-

teroids due to a mutation in FixABCX. The first phenotype is that of large and Y-shaped
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Figure 3.9: (A) SCRS of the wild-type Rlv3841 and the mutant LMB777, showing two distinct
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bacteroids containing granules of PHB and glycogen; the second cell type resembles in
both size and appearance undifferentiated bacteria from infection threads, producing
and accumulating more polyphosphate.

R. leguminosarum bv. viciae 3841 has two genes encoding PHB synthase. The first,
phaCl, is found on the chromosome, whilst the second, phaC2, is bacteroid-specific,
encoded on the sym plasmid. In Azotobacter spp. PHB has been proposed to play
a role in protecting cells from excess reductant under microaerobic conditions!%,
Since FixABCX donates electrons to nitrogenase, the absence of FixAB will prevent
electrons from being accepted by nitrogenase, leading to an excess of reduced nu-
cleotides in bacteroids. If FixAB does pass electrons to FixCX and onwards to the
respiratory chain, this would add to the build-up of reductant and production of PHB.
In terms of polyphosphate, bacteria such as E. coli and Lactobacillus have been shown
to accumulate polyphosphate under conditions of stress including osmotic stress,

oxidative stress and nutrient starvation!96197,
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To further examine the role of the carbon storage polymers in FixABCX mutation,
intracellular quantification of PHB and polyphosphate was done by integrating the
Raman bands at 1735 and 1172 cm™!, respectively, and mapped with the individual
cell size (Figure 3.10). Although a linear fitting was calculated as at each upper-right
corner of the scattered plots, the linear relationship was not significant enough to draw
conclusions on any proportional relationships between the PHB or polyphosphate

level with the corresponding cell size.

2 microns 2 microns

Figure 3.11: Electron microscopic images of sections of nodules taken from P sativum
inoculated with LMB777.

Transmission electron microscopic (TEM) images of LMB777 confirm the Raman
findings by revealing two different morphological phenotypes (Figure 3.11). Similar
as in the Raman results, the first phenotype is that of large bacteroids containing
large granules of PHB (indicated by the red arrows in Figure 3.11A). The second cell
type is of smaller cells and contains dark polar inclusions that thought to be electron-
dense polyphosphate granules (indicated by the red arrows in Figure 3.11B). These
phenotypes are found within the same nodule, though homogeneity was seen within
individual plant cells.

While TEM images reveal morphological details of heterogeneous bacteroids, it
would be difficult to reveal the identity of these granules and discover details of such

previously unknown phenomenon in non-fixing rhizobial species without the use of
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SCRM. The heterogeneity seen between isogenic bacteroids within different plant cells
reveals developmental feedback from the plant when there is a lack of provision of
fixed nitrogen. This heterogeneity only emerges in mature nodules, demonstrating a
delay in the response from the plant host. The appearance of both these cell types in
a single nodule means that traditional bulk biochemical analysis of fixABCX mutant
nodules would average out the dual phenotype. Alternative strategies for cell sorting
such as fluorescence labelling in this system would require large volumes of bulk
material, and terminal bacteroid differentiation means that a large number of plants
would be required. Using SCRM requires a small volume of bacteroids and allows
analysis without prior labelling. This is particularly beneficial for unculturable samples

such as bacteroids.

3.4 Conclusions

Individual biochemical assays require a large volume of starting materials, which
can be difficult in the case of terminally differentiated bacteria that have lost their
ability to reproduce, such as bacteroids. Bacteroids within a single nodule have
extremely heterogeneous populations of which important information can be averaged
out in bulk chemical analysis. Single-cell assays could also be beneficial in the case
of organisms that are difficult to culture, such as unknown soil bacteria or marine
microorganisms. In this study, SCRM was employed to study the symbiotic diazotroph
R. leguminosarum bv. viciae.

Firstly, it has been shown that SCRS can distinguish rhizobial cells in different phys-
iological states. SCRS of free-living culture and terminally differentiated bacteroids in
pea nodules primarily differ, as the free-living cells lack Raman bands on cytochrome
¢ which are present in the cbb3 complex. These cytochromes correspond to the
symbiotic terminal oxidase required to maintain respiration under the low-oxygen
conditions found within root nodules. The Raman band at 780 cm™! also indicates a
difference at the nucleic acid level. The terminally differentiated bacteroids undergo a
suite of metabolic and genetic changes in order to carry out symbiotic nitrogen fixation.

PCA analysis shows a clear classification between bacteroids and free-living bacteria.
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In together, SCRS and PCA analysis reflect their phenotypic changes due to different
physiological states despite being genetically identical.

Secondly, this study demonstrates that, for the first time, Raman microscopic
measurements are able to discriminate genetic mutants, including both single and
double mutants of carbon storage polymers. Genetic mutations can be confirmed and
semiquantified at the intracellular level by analysing characteristic Raman biomarkers
(e.g. PHB, glycogen and polyphosphate). By creating metabolic profiles of single
mutant cells and quantifying intracellular levels of macromolecules, SCRM is ap-
plicable to the study of complex carbon regulatory networks. Many biochemical
assays only focus on one specific molecule analysis, so collective protocols would be
required to create a basic metabolic profile. Other technologies such as fluorescent
labelling require information on DNA/RNA or protein in order to design fluorescent
tags. SCRS analysis allows a semi-quantitative analysis of several macromolecules
within a single experiment and reveals a comprehensive intrinsic chemical profile in
single cells without prior knowledge. This can provide novel insights into productions
of different metabolites and has the potential of making new scientific discoveries of
cell phenotypes. More accurate quantification can be achieved if used in conjunction
with other analytical techniques such as gas chromatography/mass spectrometry
which provide a standardised reference.

Last but not least, SCRM offers single-cell resolution which allows heterogeneity
analysis within an isogenic bacterial population. The SCRS of a fixAB mutant revealed
a previously unknown heterogeneity in bacteroid morphology and phenotype in
non-fixing rhizobia. Two distinct phenotypes were identified; the first phenotype
is that of large bacteroids containing a large amount of PHB and glycogen, whilst
the second phenotype is of smaller cells and accumulates polyphosphate. A propor-
tional relationship between cell size and intracellular concentration of PHB was also
identified. The appearance of two cell types in a single nodule means that traditional
bulk biochemical analysis of nodules would average out the dual phenotype. SCRM
provides a strategy for biochemical characterisation at the single-cell level, which is

particularly beneficial for unculturable and terminally differentiated samples such
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as bacteroids. Furthermore, where genomics cannot reach, SCRM can be potentially

applied to a wide range of isogenic cells or mutants with heterogeneous behaviours.
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In the last chapter, we have shown SCRS as a snapshot of bacterial phenotype,

consisting of a collection of biomolecules that reflects bacterial physiological states,

links with genetic mutations and reveals bacterial subpopulations. In this chapter, I

will present SCRM-DIP, the tool that combines SCRM and deuterium isotope probing

(DIP), to probe microbial metabolism. Specifically, SCRM-DIP can not only indicate

the metabolic activity of bacteria using deuterated carbon sources but also reveal

different metabolic pathways adopted by different microorganisms.

4.1 Introduction

Among all isotopes in Raman stable-isotope-probing (SIP) studies, it has been

found that Raman spectroscopy gives sensitive detection of the incorporation of

deuterium in single cells, as the carbon-deuterium (C-D) vibrations shifted from

66
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the carbon-hydorgen (C-H) vibrations exhibit a clear and strong band in the silent
region of SCRS which has no detectable Raman bands in most, if not all, cells growing
with naturally abundant elements (e,g, 'H, '*N, 1°0 and !2C). Deuterated substrates
can be synthesised by hydrogen-deuterium exchange reactions in the presence of D,0,
which is not only much more cost-effective than other stable isotope substrates but
also able to produce more complex substrate or mixed compounds'®>198199 Hence,
providing a high variety of possible isotopic substrates, SCRM-DIP is invaluable in the
functional study of cells in their natural conditions at the single-cell level.

In this study, we exploited one aspect of SCRM-DIP using deuterated carbon source
to link cells to their carbon metabolism. We applied SCRM-DIP to study the assimila-
tion of specific deuterated carbon substrates such as glucose and naphthalene into
lipids and proteins in single microbial cells. We used a mixture of glucose/glucose-d;»
or naphthalene/naphthalene-dg to probe various anabolic pathways of carbon sources
and semi-quantify the biosynthesis of fatty acids and phenylalanine in single cells of
Escherichia coli (E. coli) and Pseudomonas putida (P putida). Given its ability to probe
metabolic reactions, we believe SCRM-DIP can provide culture-independent insights

in understanding the complex physiological systems of microbial communities.

4.2 Materials and Methods

Strains, culture conditions and plasmid transfer. Strains and plasmid used in
this study are detailed in Table 4.1. For all strains tested, media were supplemented
with carbon sources containing different ratios of D-glucose (Sigma, UK, D9434) to
D-glucose-d;» (Sigma, UK, 616338) in water, or naphthalene (Sigma, UK, 84679) to
naphthalene-dg (Sigma, UK, 176044) dissolved in dimethyl sulfoxide (DMSO).

Pure cultures of Escherichia coli (E. coli) DH50 were grown aerobically overnight
with 150 rpm shaking at 37 °C in M9 minimal medium with 10 mM glucose as the
sole carbon source. Cultures of Pseudomonas putida (P putida) strains UWC1 and G7
were grown aerobically for 72 hours with 150 rpm shaking at 30 °C in M9 medium with
10 mM naphthalene or glucose as the sole carbon source. Optical density at 600 nm

(ODggo) was measured during cultivation with deuterated carbon sources.
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Table 4.1: Strains and plasmid used in Chapter 2

Strain/plasmid Description Reference
Escherichia coli anon-pathogenic strain developed for Invitrogen U.K.
DH5a laboratory cloning use
Pseudomonas putida Mutant of P putida KT2440; Rip'; able [200, 201]
UWC1 to use glucose as sole carbon source
Pseudomonas putida Naphthalene-degrading bacterium [202]
G7 with plasmid NAH7; cannot use
glucose as sole carbon source
Pseudomonas Naphthalene-degrading bacterium [203]
fluorescens WH2 with plasmid pWH2-Nah
Pseudomonas putida Transconjugant of P putida UWC1 This study
UWCI (pWH2-Nah*) bearing pWH2-Nah plasmid from P
fluorescens WH2
pWH2-Nah Naphthalene-degrading plasmid of P [203]
fluorescens WH2

Pseudomonas fluorescens (P, fluorescens) WH2 contains the pWH2-Nah plasmid
carrying the naphthalene-degradation operon and the plasmid was transferred via
conjugation from P, fluorescens WH2 to P putida UWC1 (Table 4.1). Briefly, P fluorescens
WH2 and P, putida UWC1 were grown separately in LB medium overnight at 30 °C.
One hundred pL of each were mixed and added on a 0.22 pm membrane filter (47
mm diameter, Millipore UK) placing on an LB agar plate, followed by incubation
at 30 °C for 16 hours. The bacterial biofilm grown on the filter was taken out and
resuspended in 5 mL of PBS by vortex. Transconjugants bearing the naphthalene-
degradation plasmid pWH2-Nah were selected in M9 minimal medium with 100 pg/mL
rifampicin and naphthalene as the sole carbon source. As P putida UWC1 cannot
assimilate naphthalene but is rifampicin-resistant, and P, fluorescens WH2 does not
resist rifampicin, only the transconjugants can grow on the selective plates. Colony
PCR was performed to amplify 16S ribosomal RNA (16S-rRNA) of the transconjugants
using primers 63f and 1387r?4. The identity of the transconjugants P, putida UWC1
(pWH2-Nah*) were confirmed by DNA sequencing of the PCR product.

SCRS measurements. Samples were washed with Milli-Q water three times to
remove traces of media. They were then diluted to a concentration of ~1,000 cells mL!

and spotted onto an aluminium-coated slide. Individual SCRS were acquired using an
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HR Evolution confocal Raman microscope (Horiba Jobin-Yvon, France) equipped with
a 532 nm neodymium-yttrium aluminium garnet laser and 300 grooves/mm diffraction
grating. The laser power on single cells was attenuated to 4.7 mW by neutral density
(ND) filters. An objective with a magnification of 100x0.8 (Olympus) was used to focus
the laser beam on single cells with a laser spot size of ~1 um?. Raman scattering was
detected by a charge coupled device (CCD) cooled at —68 °C. The acquisition time was
10 s per spectrum and the spectra were obtained in the wavenumber range of 340 to
3500 cm™!. For each sample, 30 single cells were obtained and from them, averaged
spectra were plotted with the shaded area as standard deviation. The spectra were
occasionally manually offset to allow better visualisation.

Data processing and analysis of Raman spectra. All spectra were pre-processed
by comic ray correction and polyline baseline fitting using LabSpec 6 (Horiba). Spectral
normalisation was done by vector normalisation of the entire spectral region. Data
analysis, statistics and visualisation were done under an R environment using in-
house scripts. Quantification of intracellular biomolecule concentration was done
by integrating individual Raman bands. The ratio of C-D / (C-D + C-H) was used to
indicate the extent of deuterium incorporation from deuterated carbon source!?2%,

Theoretical calculation of Raman frequencies The equilibrium geometry of the
palmitic acid molecule was calculated at the B3LYP/6 31G** level of theory using GAUS-
SIANO09. The conformer obtained had Cg point group symmetry with the aliphatic back-
bone lying in the single mirror plane. Wavenumbers of Raman-active vibrations were
then calculated for various substitution patterns on the molecular backbone, including
all-H and all-D forms, the distinct single-D substitutions in the all-H form, the distinct
single-H substitutions in the all-D form, and the form with full deuteration along half
the length of the backbone, starting from either methyl or carboxylic terminal.

Raman wavenumbers of phenylalanine were then calculated at the same level for
32 possible isotopomers obtained by H/D substitution on the phenyl ring. The ring
breathing vibration at 1017 cm™! in the all-H structure was identified as the match for
the experimental peak at 1004 cm ™!, as it was the only intense peak in that region of

the spectrum. Data from each of the 32 structures were then grouped by %D in the
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ring (i.e., 0%, 20%, 40%, 60%, 80% and 100%, depending on whether there were 0, 1, 2,
3,4 or 5 D on the ring), and they were further grouped by mirror symmetry to account

for the approximately free rotation about the ring-backbone bond.

4.3 Results and Discussion

4.3.1 SCRM-DIP detects carbon metabolism by using deuterated car-
bon sources

Both E. coli DH5a and P putida UWCI are able to use glucose as the sole carbon
source??%206 (Table 4.1). Figure 4.1A and 4.1B show SCRS of E. coli DH5« and P
putida UWC1 grown overnight in glucose as a sole carbon source with different
percentages of fully deuterated glucose-d,,. With the presence of deuterated glucose,
a distinguishable Raman band appeared in the region between 2070 and 2300 cm™!
in SCRS, and this broad band was attributed by the C-D stretching vibrations!26:14%,
The intensity of this C-D band enhanced while that of the C-H band at 2800 — 3100

cm™!

reduced with an increasing percentage of deuterated glucose-d,, in the growth
media. This spectral pattern demonstrates exchanges of intracellular H by D due to
the catabolism of deuterated carbon sources.

P, fluorescens WH2 and P, putida G7 are two bacteria capable of utilising naphtha-
lene as the sole carbon and energy source (Table 4.1). The naphthalene-degradation
trait is conferred by plasmid pWH2-Nah in P fluorescens WH22% and NAH7 in P
putida G7?°2. P putida UWCI received the pWH2-Nah plasmid by conjugation with
P, fluorescens WH2, obtaining the ability to metabolise naphthalene. Figure 4.1C and
4.1D show SCRS of P putida UWC1 (pWH2-Nah*) and P, putida G7 (NAH7) grown in
naphthalene as the sole carbon source with different percentage of fully deuterated
naphthalene-dg. Similar to deuterated glucose-d;> metabolism shown above, the
intensity of the C-D band proportionally increased with an increasing percentage
of deuterated naphthalene-dg in the growth medium. The control experiments of P

putida UWC1 (pWH2-Nah*) without naphthalene and P, putida UWC1 (pWH2-Nah")

with 100% naphthalene-dg displayed a flat and ‘silent’ C-D region between 2070 and
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Figure 4.1: SCRS of (A) E. coli DH5a and (B) P putida UWC1 grown in glucose with different
ratios of deuterated glucose-d,». (C) P putida UWC1 (pWH2-Nah*) and (D) P putida G7 grown
in naphthalene with different ratios of deuterated naphthalene-dg. The characteristic C-D
Raman band centred at 2170 cm™! is highlighted.
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Figure 4.2: (A) SCRS of P putida UWCI1 (pWH2-Nah*) grown in DMSO without any naphthalene
and P putida UWC1 grown in 100% naphthalene-dg, both of which have a silent Raman window
between 2070 - 2300 cm™!. (B) The growth curves of P putida UWCI1 (pWH2-Nah*) grown in
DMSO without any naphthalene and P, putida UWC1 grown in 100% naphthalene-dg, measured
by ODgpo-

2300 cm ™! in their SCRS (Figure 4.2A) and no increase in ODg after incubating for 72
hours (Figure 4.2B), ruling out any solvent effect or abiotic H-D exchanges in the cells.

Deuterium and hydrogen are nearly chemically identical as deuteration has a
negligible effect on atom size, molecular shape, equilibrium bond length or stiffness,
apart from small vibrational effects??”. Deuteration does, however, influence Raman
positions for spectral modes in which the H/D atom is moving, and kinetics of reactions
in which the H/D atom is involved. Therefore, we assume that, to some extent, bacterial
cells are unable to distinguish between undeuterated carbon sources (glucose and
naphthalene) and fully deuterated carbon sources (glucose-d;» and naphthalene-
dg) in carbon metabolism.

Figure 4.3 shows the growth curves of microbes in the presence of different per-
centages of deuterated carbon sources measured by ODgy. The three P putida
strains UWC1, UWC1 (pWH2-Nah*) and G7 were unable to distinguish deuterated and
undeuterated glucose or naphthalene and exhibited no growth differences among con-
ditions from 0% to 100% deuterated glucose or naphthalene (p > 0.01) (Figure 4.3B, C

and D). In Figure 4.3A, there was no significant observable effect on the growth kinetics
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Figure 4.3: Growth curves created by ODggy measurements of cultures of (A) E. coli DH5a and
(B) P putida UWC1 grown with different ratios of deuterated glucose-d;», (C) P putida UWC1
(pWH2-Nah*) and (D) P putida G7 grown with different ratios of deuterated naphthalene-dg.

of E. coli grown in 0-100% deuterated glucose in the initial 6 hours (p = 0.058). Although
0-75% deuterated glucose conditions featured indistinguishable growth curves, cells
with 100% deuterated glucose exhibited a similar log phase but a subsequent repressed
stationary phase, compared to in other less deuterated conditions.

Formation of C-D bonds in cells with a deuterated carbon source can be explained
by the action of nicotinamide adenine dinucleotide phosphate (NADP*/NADPH).
For example, the D in glucose-d,; is passed to NADP* to form NADPD instead of

NADPH, which is then used to facilitate a new C-D bond during reduction reactions
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Figure 4.4: Biological mechanism of the incorporation of deuterium from deuterated carbon
source, using glucose-dj» as an example. Deuterium in the deuterated carbon source
contributes to a new C-D bond during the reduction reactions to synthesise biomolecules such
as lipids via the action of NADP*/NADPH.
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Figure 4.5: Comparison of the percentage of D content in carbon source with the band intensity
ratio of C-D / (C-D + C-H) in SCRS of E. coli DH50 and P putida UWC1 grown with glucose,
and of P putida UWC1 (pWH2-Nah") and P, putida G7 grown with naphthalene, with different
percentages of glucose-d,» or naphthalene-dg.
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to synthesise cellular building blocks such as lipids (Figure 4.4). This C-D bond leads
to a clearly distinguishable broad band at 2070 - 2300 cm™! in SCRS.

Figure 4.5 shows that the intensity ratio of C-D / (C-D + C-H) in SCRS to the
percentage of deuterated carbon source followed a linear relationship in all four
cases, regardless of carbon source and bacterial species. The linearity suggests that
bacteria incorporate D from deuterated carbon source into the cells, with an amount
proportional to the percentage of the deuterated carbon source in the medium. This
resultis in good agreement with our hypothesis that cells cannot distinguish deuterated
carbon sources from their unlabelled counterparts. The SCRS demonstrate a sensitive
D detection limit at as low as 5% deuterated glucose (p < 0.001) and 5% deuterated
naphthalene (p < 0.01) (Figure 4.5).

Theoretical calculations on the palmitic acid molecule as a typical aliphatic fatty
acid were used to shed further light on the above spectral observations (Figure 4.6).
With a reference to the molecular structure of palmitic acid (Figure 4.6A), Raman
spectra were computationally generated for the molecular form with an all-H backbone
(Figure 4.6B), an all-D backbone (Figure 4.6C), an half-H/half-D backbone (Figure
4.6D), as well as a backbone with a single-D substitution (Figure 4.6E).

In summary: the stretches of C-H/C-D bonds on the aliphatic backbone are found
to be effectively decoupled from other molecular vibrations. Each D substitution in
a CH» or CHj3 group of the backbone produces an extra contribution to the band in
the C-D stretch region (2150-2350 cm™! in the calculated spectrum, corresponding
to an overestimation by a few percent of the vibrational force constant) and removes
intensity from the C-H stretch region (2950-3150 cm™! in the calculated spectrum), as
predicted by the /2 rule arising from reduced mass effects (Equation 2.10 in Chapter
2), with the contribution of each C-H and C-D to band area being in approximately 2:1
ratio. The effects of D substitution are more or less independent of the number and
position of substitutions on carbon atoms of the backbone. Thus, spectral intensities
could be used to estimate C-D/C-H ratios here and in similar aliphatic environments.

Although lipids synthesis plays the most important part in the D incorporation at

2070-2300 cm ™! as it contributes roughly 20-35% to the total cellular C-H content'*°,
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Figure 4.6: (A) Molecular structure of palmitic acid. The optimisation yielded a fully extended
conformer, with mirror symmetry. (B)-(E). Simulated Raman spectra for palmitic acid as a
simplified model for aliphatic CH environments in lipids. The spectra from top to bottom are
calculated for (B) the all-H form of the molecule, (C) the all-D form, (D) a form in which all H
positions to one side of the mirror plane are replaced by D and (E) a sample form of single-D
substitution on the methyl group at the end.



4. Application of SCRM-DIP in revealing microbial carbon metabolism 77

theoretically the C-D Raman band can include any possible C-D vibrations in lipids,
proteins, nucleic acids and carbohydrates (Figure 2.7 in Chapter 2). Our results suggest
that this process is a ubiquitous metabolic process that can be sensitively detected by
SCRS. Taken together, a deuterated carbon source can be used as a universal indicator

to probe carbon utilisation.

4.3.2 SCRM-DIP reveals distinct biosynthesis pathways of fatty acids
starting from different deuterated carbon sources
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Figure 4.7: Fatty acids metabolic pathways starting from (A) glucose-d;» and (B) naphthalene-
dg.
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In Figure 4.5, despite showing a linear relationship in both glucose and naphthalene
conditions, the slopes of the lines are significantly different (p < 0.001). When the cells
were grown in 100% glucose-d;, as the sole carbon source, the ratio of C-D / (C-
D + C-H) was 21.7% in E. coli and 29.0% in P. putida UWC1. However, when 100%
naphthalene-dg was used as the sole carbon source, the ratio decreased greatly to 5.7%
in P putida UWC1 (pWH2-Nah™) and 3.5% in P putida G7.

Aslipid biosynthesis contributes roughly 20-35% to the total cellular C-H content!*>,
it plays a crucial part in the appearance of the broad C-D band through different lipid
synthesis pathways degrading either glucose or naphthalene (Figure 4.7).

The glycolytic conversion of fatty acids from carbohydrates generates a common
intermediate phosphoenolpyruvate (PEP) through both Embden-Meyerhof-Parnas
(EMP) and Entner-Doudoroff (ED) pathways in E. coli*°® and almost exclusively through
the ED route in P putida®®® (Figure 4.7A).

The aerobic degradation of naphthalene, however, proceeds in more steps involv-
ing two-stage cleavages of aromatic rings in naphthalene?!? (Figure 4.7B). The first
cleavage stage produces a central intermediate, salicylate, which is further converted
to catechol. This is followed by the second stage which includes ring fission by either
ortho-cleavage between the hydroxyl groups or meta-cleavage adjacent to one of the
hydroxyls. The resulting intermediates then get into central metabolism to produce
TCA cycle intermediates such as acetyl-CoA, succinyl-CoA, oxaloacetate and pyruvate.
Hence, the pathway to make key metabolites for fatty acids synthesis via naphthalene
metabolism in microbes involves more anabolic steps than the pathway via glucose
metabolism (Figure 4.7A). A significant amount of D in the initial naphthalene-dg
substrate was lost during the ring-cleavage reactions, which contributed to the lower
intensity ratio of C-D / (C-D + C-H) observed in cells grown with deuterated naphtha-
lene than in P putida UWCI1 grown with deuterated glucose (Figure 4.5). This pattern
was not limited to P putida UWCI], it was also true in other strains such as E. coli DH5a
grown in deuterated glucose and P, putida G7 grown in deuterated naphthalene (Figure

4.5), which collectively validates the mechanistic explanation in Figure 4.7.
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In summary, the intensity ratio of C-D / (C-D + C-H) that is dependent on the
degree of cellular H/D exchanges stems from different deuterated carbon sources,
proceeds through various numbers of metabolic steps, and finally yields essential

metabolites for lipid biosynthesis.

4.3.3 SCRM-DIP reveals distinct biosynthesis pathways of phenylala-
nine starting from different deuterated carbon sources
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Figure 4.8: Enlarged view of phenylalanine shifts from 1004 cm™! to 988, 976 and 962 cm™! in
Figure 4.1 with respect to different ratios of deuterated growth glucose-d;» or naphthalene-ds.
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In addition to the C-D spectral feature observed in SCRS at 2070 - 2300 cm ™!,
isotopic shifts were also observed at 1004 cm ™! which can be assigned to the aromatic
amino acid phenylalanine (Figure 4.1). Figure 4.8 highlights the Raman shift around
1004 cm™! in a magnified view between 940 — 1020 cm™!. Here we observe red shifts of
band from 1004 cm™! to 988, 976 and 962 cm ™! when cells were grown with deuterated
glucose. This is in agreement with a previous study of Geobacter metallireducens
grown with deuterated acetate, in which a splitting pattern of phenylalanine Raman

band was observed!??.

0
H,N——CH—C——OH

CH,

Z;

1|
2\3/4

Figure 4.9: Chemical structure of phenylalanine with 5 C-H positions on the phenyl ring. Only
the red-labelled 1, 3 and 5 sites of the symmetric ring-breathing mode are responsible for the
observed phenylalanine Raman shifts.

Depending on the number of D substitutions on the five C-H sites on the phenyl
ring, there are 32 possible isotopomers of phenylalanine (Figure 4.9 and Table 4.2).
To understand the observed shifts of the phenylalanine band, we calculated the
equilibrium geometry and Raman frequencies for the 32 isotopomers of phenylalanine
(Table 4.2). One (v1) or two (vl and v2) Raman wavenumbers were generated with
intensities I1 and 12, respectively. The average of the wavenumbers was calculated as
the theoretical Raman wavenumber. The data were grouped by mirror symmetry to
account for the free rotation of the ring in real samples. Substitutions at only three sites
on the phenyl ring (sites 1, 3 and 5) are found to affect the position of the vibration

(Figure 4.9). Ruling out equivalents from free rotations along the symmetric axis
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Table 4.2: The equilibrium geometry of 32 possible isotopomers of the phenylalanine molecule
calculated at the B3LYP/6 31G** level of theory. vl and v2 are two Raman wavenumbers
generated with an intensity of I1 and 12, respectively. Equiv. represents any free rotation
equivalents of a specific isotopmer. Averaged v is an average from two wavenumbers, ruling
out equivalents from free rotations along symmetric axis.

12345  vl/cm™! v2/cm™! 11 12 No.of  Equiv. Averaged
D v/em™!
1 HHHHH 1017 24.33 0 - 1017
2 DHHHH 1002 24.4 1 6 1002
3 HDHHH 1017 24.68 1 5 1017
4 HHDHH 1003 1001 21.3 12.17 1 - 1002
5 HHHDH 1017 25.9 1
6 HHHHD 1001 23.97 1
7 DDHHH 1002 25.76 2 16 1002
8 DHDHH 988 29.92 2 15 989
9 DHHDH 1002 23.74 2 13 1002
10 DHHHD 988 988 17.65 8.87 2 - 988
11 HDDHH 1003 1001 21.07 10.15 2 14 1002
12 HDHDH 1017 26.26 2 - 1017
13 HDHHD 1001 23.67 2
14 HHDDH 1002 31.12 2
15 HHDHD 989 28.36 2
16 HHHDD 1002 26.28 2
17 DDDHH 988 29.44 3 26 989
18 DDHDH 1002 26.21 3 25 1002
19 DDHHD 989 27.51 3 22 989
20 DHDDH 989 28.55 3 24 989
21 DHDHD 974 28.93 3 - 974
22 DHHDD 988 26.61 3
23 HDDDH 1003 29.77 3 - 1003
24 HDDHD 989 28.06 3
25 HDHDD 1001 26.19 3
26 HHDDD 989 28.29 3
27 DDDDH 988 992 24.37 8.49 4 31 990
28 DDDHD 974 27.78 4 30 974
29 DDHDD 988 26.81 4 - 988
30 DHDDD 974 29.49 4
31 HDDDD 989 28.12 4
32 DDDDD 974 28.8 5 - 974
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Table 4.3: The collected peaks from theoretical modelling in Table 4.2 and wavenumbers scaled
by a factor of 1004/1017 for comparison with the experimental values, represented as scaled
peaks.

No. of D Collected peaks /cm™! Scaled peaks /cm ™!
0 1017 1004
1 1017 1004

1002 989
1017 1004
2 1002 989
989 976
1003 990
3 989 976
974 962
4 989 976
974 962
5 974 962

and equivalent wavenumbers, only 4 possible Raman positions of all H/D mixtures
were collectively found at 1017, 1002-1003, 989 and 976 cm™! (Table 4.3). The ring
breathing vibration at 1017 cm™! in the all-H structure was identified as the match for
the experimental peak at 1004 cm™!. All theoretical wavenumbers were then scaled
by a factor of 1004/1017 for comparison with the experimental peaks and listed as
scaled peaks in Table 4.3. This resulted in a total of 4 possible Raman positions at
1004, 989-990, 976 and 962 cm™! (Figure 4.10), for the 32 possible isotopomers of
phenylalanine with different H/D ratios and distributions around the aromatic ring,
which correlate well with the experimental band positions in Figure 4.8.

The 4 theoretical calculations of Raman wavenumbers were then mapped with
the experimental observation of phenylalanine Raman shifts in SCRS of E. coli in
Figure 4.8A, with regard to %D in the ring (i.e., 0, 20, 40, 60, 80 and 100%, depending
on whether there was 0, 1, 2, 3, 4 or 5 D on the ring). A good correlation was found
(Table 4.4). This result not only demonstrates the consistency between theoretical
calculations and experimental observations, but also offers a good explanation for
the differences in isotopic shifts concerning different D percentages: the form of the
vibrational mode, in which the motion is a three-fold asymmetrical breathing of three

C-H (or C-D) units against the rest of the molecular framework, with little participation
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Figure 4.10: Four distinct Raman-band positions are found at 1004, 989-990, 976 and 962-963
cm™, for the 32 possible isotopomers of phenylalanine

Table 4.4: Calculated band positions correlate with the experimental observations of pheny-
lalanine Raman shifts. Theoretical Raman band wavenumbers have been scaled by a factor
of 1004/1017. Black crosses represent theoretical calculation and red crosses represent
experimental shifts observed in SCRS of E. coli as an example.
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of the remaining ring C-H units. The band at 1004 cm™! corresponds to structures
where sites 1, 3 and 5 are H, and so can occur when some D is present in the sample.
The band at 989-990 cm ™! occurs when any of the sites 1, 3 and 5 are D. The band at
976 cm ™! occurs when any two of the sites 1, 3 and 5 are D, and therefore only presents
at higher D/H ratios. The bands at 962 cm™! corresponds to structures where all sites
1, 3 and 5 are D, and hence can only appear at D/H ratios above 60%, which correlates

! were only present in cells with

nicely with the observation that the bands at 962 cm™
75% or 100% deuterated glucose (Figure 4.8A and B).

The wavenumber shifts of roughly 3%, 6% and 9% from the all-H vibrations are con-
sistent with the effect of changing the mass of the small units vibrating harmonically
against a rigid framework. Each active D contributes additively to the higher effective
reduced mass for the vibration and hence gives rise to a square root dependence
in mode wavenumbers.

The degree of D incorporation into phenylalanine in Figure 4.8 was then quantified

by calculating the ratio of total D to total H and D as follows, in which A represents

the area under the curve centred at a defined wavenumber:

2

1
-A +-A

A962cm—1+3 976 cm~! T 344989 cm™1

D
D+H  Agigemt +Agg9cm—! + A 1004 cm!

High variability of the cellular D content at the same level of deuterated carbon
source was observed regardless of carbon sources and or species. In Figure 4.11, lin-
earity is found between D percentage and cellular D uptake in two glucose conditions.
However, E. coli grown with 100% deuterated glucose-d,, displays a much higher D
incorporation (58.1%) than P, putida UWC1 with the same carbon source (28.3%).

This difference can be explained by the less efficient utilisation of glucose in P
putida compared to E. coli (Figure 4.12A and B). The catabolism of glucose in E. coli
DHb5a has been proven mainly via the EMT pathway and the phosphotransferase

(PTS) system, in which glucose is phosphorylated to glucose 6-phosphate (G6P) and
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== E. coli DH5a in glucose-d,,

== P. putida UNC1 in glucose-d,,
== P. putida UWC1 (p*) in naphthalene-d,
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Figure 4.11: Comparison of D content in the phenylalanine band in SCRS of E. coli DH50 and
P, putida UWCI grown in glucose, and of P putida UWC1 (pWH2-Nah™") and P, putida G7 grown
in naphthalene, with different percentages of glucose-d,» or naphthalene-dsg.

eventually converted to PEP for the synthesis of aromatic amino acids via the shikimate
pathway?!! (Figure 4.12A). In contrast, it is reported that bacteria of Pseudomonas
spp. catabolise glucose almost exclusively through the ED pathway?!??!3 (Figure
4.12B). This pathway in P putida involves three simultaneous sub-pathways starting
with glucose, gluconate or 2-ketogluconate that subsequently converge at the level
of 6-phosphogluconate (6PG)2!. 6PG is further converted to a key intermediate, 2-
keto-3-deoxy-6-phosphogluconate (KDPG), which continues to yield the production
of PEP. The interconversion and cellular transportation of glucose, gluconate and 2-
ketogluconate in three convergent pathways might largely contribute to the D loss
observed in the SCRS of Pseudomonas bacteria grown with deuterated glucose.

On the other hand, when deuterated naphthalene was used as the sole carbon
source, no shifts of the phenylalanine band at 1004 cm™!, presumably caused by D
incorporation, were detected in P putida UWC1 (pWH2-Nah*) and P, putida G7 cells
(Figure 4.8C and D). These cells were unable to directly convert naphthalene into the

shikimate pathway intermediates before entering central metabolism cycle (Figure
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Figure 4.12: Phenylalanine metabolic pathways of (A) E. coli grown in glucose-d;», (B) P putida
UWCI grown in glucose-d; 2, and (C) P putida UWC1 (pWH2-Nah*) grown in naphthalene-dg.

4.11C). D in naphthalene was largely lost during the two-phase ring cleavage processes

and further diluted in the TCA cycle before D was incorporated into phenylalanine.

Therefore, D in naphthalene-dg was largely lost due to many dilution steps in the

naphthalene-degradation pathway, while D was less diluted and remained in the

intermediate metabolites to make phenylalanine in the glucose metabolic pathway

(Figure 4.11). Together, these results suggest that SCRM-DIP could indicate relative

numbers of dilution steps in metabolic pathways by analysing isotopic shifts of the

phenylalanine band in SCRS, and therefore predicting metabolic pathways adopted

by different microorganisms.
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4.4 Conclusions

This study illustrates that SCRM coupled with DIP (SCRM-DIP) provides a culture-
independent and non-destructive approach to probe metabolic pathways of carbon
substrates at the single-cell level.

A clearly distinguishable C-D vibration band at 2070-2300 cm™! was found in
SCRS of Escherichia coli grown with deuterated glucose or Pseudomonas spp. grown
with deuterated naphthalene as the sole carbon source. The intensity of the C-D
band is proportional to the extent of deuteration in carbon source, and as little as 5%
deuteration can be distinguished by an analysis of the SCRS. It suggests that SCRM-DIP
using deuterated carbon sources could be used to semi-quantitatively and sensitively
indicate carbon metabolism in microbes.

Alower lipid conversion rate from deuterated naphthalene compared to that from
deuterated glucose was observed, presumably owing to different metabolic pathways
to synthesise fatty acids from two two carbon sources.

Apart from the C-D band shift from C-H, SCRS also reveal three isotopic shifts
of the phenylalanine band at 1004 cm™!, of which the positions correlate well with
a computational model. A reduction in phenylalanine deuteration in Pseudomonas
compared to that in E. coli is found due to the dilution effect during phenylalanine
biosynthesis in Pseudomonas.

Collectively, we demonstrate that SCRM-DIP can not only indicate metabolic
activity using deuterated carbon sources but also reveal different metabolic pathways
by analysing SCRS. Providing a high variety of possible isotopic substrates, SCRM-DIP
has the potential to probe cell activity and cellular metabolism of a broad range of

important biomolecules including proteins, lipids, carbohydrates and nucleic acids.
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In the last two chapters, I have shown that SCRS can be used as phenotypic profiles
of single bacterial cells and have applied the methodology of SCRM-DIP to probe
bacterial general activity and carbon metabolism. In this chapter, I will apply SCRM-
DIP in a more complex example in which intracellular pathogen meets host human
cells. SCRM-DIP will be applied to measure the metabolic activity of single Salmonella
cells during infection in human primary cells. For the first time, reverse labelling
will be applied to intracellular infectious bacteria. By comparing and mapping the
activities and metabolic profiles of 3 Salmonella strains in a dynamic and time-resolved

mannetr, I will highlight SCRM-DIP as a novel tool to detect the mechanisms adopted

88
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by intracellular pathogens to regulate its metabolic pathways in response to host cell

during the early intracellular stage.

5.1 Introduction

Salmonella enterica (S. enterica) is a Gram-negative, facultative anaerobic, intra-
cellular pathogen, responsible for a wide range of diseases, such as gastroenteritis,
bacteremia and typhoid fever. Salmonella accounts for 16 million cases of typhoid
fever, 1.3 billion cases of gastroenteritis and 3 million deaths per year?!®. In humans,
the outcome of S. enterica infection mostly depends on the infecting serovar. Infection
with human-restricted typhoidal serovars, such as S. enterica serovar Typhi (S. Typhi)
and Paratyphi (S. Paratyphi), results in typhoid fever; whilst non-typhoidal broad host
range serovars, such as S. enterica serovar Typhimurium (S. Typhimurium), are usually
responsible of localised self-limiting gastroenteritis®!6.

Nevertheless, highly invasive multi-drug resistant S. Typhimurium serovars have
emerged in sub-Saharan Africa, as a major cause of lethal bacteremia in malnourished
anaemic children and individuals affected by underlying diseases such as malaria
or HIV217-222 5 Typhimurium isolates from Kenya and Malawi are predominantly
of a novel multi-locus sequence type (ST) named ST313??!. The S. Typhimurium
ST313 pathovar D23580 (STM-D23580) is a representative blood-stream clinical isolate
which demonstrates genome degradation, resembling that of the human restricted
pathogen S. Typhi. STM-D23580 has been largely used in studies of host-pathogen
interactions to gain deeper insights into its increased pathogenicity, named as invasive
non-typhoidal salmonellosis (iNTS).

In order to survive and replicate within host cells, Salmonella undergoes dramatic
metabolic changes to utilise the available intracellular nutrients and to overcome
adverse endosomal conditions (e.g. high osmotic pressure, acidic pH and poor oxygen
availability)??>224, These adaptions, alongside with genetic variances, might contribute
to the different disease outcomes upon Salmonella infections.

Technological perspectives have emerged to obtain a comprehensive picture of

the intracellular pathogen lifestyle. Time-course transcriptomic®*® and proteomic



5. Application of SCRM-DIP in dynamic mapping of intracellular Salmonella
metabolism 90

studies?26:227

give insights into the mechanisms adopted by Salmonella to regulate its
metabolic pathways in response to host cell environment. However, these technologies
rely on highly expressed genes and proteins, thus overseeing subtle metabolic changes
and a crucial fraction of non-enzymatic metabolic reactions??8. Finally, while most
of these investigations provide a bulk average measurement of the total bacterial
population, they neglect the astonishing customised single-bacteria heterogeneity
related to the surrounding environment?29-231,

In this study, we applied SCRM-DIP and reverse labelling to obtain a comprehen-
sive and time-resolved picture of the intracellular metabolism of three Salmonella
strains responsible for different clinical outcomes: the gastroenteritis-associated S.
Typhimurium LT2 (STM-LT2), the non-typhoidal invasive S. Typhimurium D23580
(STM-D23580) and the typhoidal S. Typhi Ty2 (ST-Ty2). The results from single-cell
Raman analysis were further validated by proteomics using high sensitivity mass
spectrometry (MS). To our knowledge, this is the first research where SCRM-DIP has

been successfully applied to disclose metabolism characteristic of invasive human-

restricted Salmonella serovars.

5.2 Materials and Methods

Bacterial strains and culture conditions. Salmonella entericaserovar Typhimurium
(STM) strain LT2 (ATCC 700220) and the clinical isolate STM-D23580, were used
as representative non-typhoidal Salmonella sequence type 19 (ST19) and type 313
(ST313), respectively. Strain D23580 was isolated from the blood of an HIV-negative
Malawian child with malaria and anemia. Salmonella enterica serovar Typhi (ST) strain
Ty2 (ATCC 700931) was used as representative typhoidal serovar. Escherichia coli strain
DHb5a (EC-DH50) (ATCC 67878) was used as an external reference for comparison
with Salmonella strains.

The ability of Salmonella to incorporate D,O was tested by growing bacteria
overnight in LB Lennox broth (Sigma, UK) supplemented with 35% D,O (v/v), at
37 °C under continuous shaking at 200 rpm. The degree of D,O incorporation by STM-

LT2 was compared with EC-DH5¢, used as a reference. Assimilation of intracellular



5. Application of SCRM-DIP in dynamic mapping of intracellular Salmonella
metabolism 91

deuterium (D) was tested under different experimental conditions (before and after
cryopreservation at —80 °C; with or without the presence of 10% sucrose) to test the
robustness of the SCRM-DIP method.

For the infection experiments, STM-LT2, STM-D23580 and ST-Ty2 were grown
to logarithmic growth phase in LB Lennox broth (Sigma) supplemented with 10%
sucrose (Sigma) and 50% D,0. Aliquots were kept frozen at -80 °C until use, whilst
bacterial viability was monitored periodically. For each experiment, an aliquot of
bacteria was thawed, washed and resuspended in RPMI 1640 (Sigma) to obtain a
multiplicity of infection (MOI) of 30:1 (bacteria:THP-1), 15:1 (bacteria:macrophage) or
10:1 (bacteria:dendritic cell). As a control for bacterial extracellular growth, RPMI was
inoculated with each strain at 37 °C under continuous shaking at 200 rpm. At specific
time points, corresponding to the kinetic of the infection, bacteria were collected,
washed and processed for the SCRS measurements and analysis, as described below.
The number of microorganisms was assessed at each time point post infection (p.i.) by
plating 10-fold dilutions of the bacterial suspension, in quadruplicate, on LB Lennox
agar (Sigma). The number of bacteria was determined as colony-forming units (CFU).

Propagation of THP-1 cells and infection. THP-1 cells were obtained from the
American Type Culture Collection (ATCC, TIB-202). The cells were maintained in
vented T75 flasks (Cellstar) at 37 °C, 5% CO, and split every 2-3 days when confluent
(2 x 10° cells/mL). One day before the infection, THP-1 cells were harvested, washed,
resuspended at a density of 1 x 107 cells/mL/well in 24-well plates (Costar) in complete
RPMI medium containing 10% fetal bovine serum (FBS, Sigma), 2 mM L-Glutamine,
100 pg/mL of penicillin and 100 pg/mL streptomycin (Sigma), and supplemented with
25 ng/mL of phorbol 12-myristate 13-acetate (Sigma) to induce differentiation into
macrophage-like cells, while incubating at 37 °C, 5% CO, for 24 hours. Two hours
before infection, the medium was replaced with fresh complete medium without
antibiotics and cells were infected with D-labelled STM-LT2, STM-D23580 or ST-Ty2 at
an MOI of 30 bacteria per cell. After 30 min incubation at 37 °C, extracellular bacteria
were removed by washing cells twice with phosphate-buffered saline (PBS) and further

incubated for 30 min in RPMI supplemented with 10 % FBS, 2mM L-glutamine and
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100 pg/mL of gentamycin (MP Biomedicals) to kill extracellular bacteria. After that,
the gentamycin concentration was reduced to 30 ug/mL for the rest of the experiment.

Generation of monocyte-derived dendritic cells and macrophages and infection.
Leukocyte Reduction System cones were obtained from the UK National Blood Centre
with informed consent following local ethical guidelines. Blood from healthy donors
was diluted in PBS and layered on a standard density gradient (LymphoprepTM).
Peripheral blood mononuclear cells (PBMCs) were collected from the interface and
washed three times in PBS at 4 °C. Monocytes were obtained by magnetic isolation
using human CD14+ MicroBeads (Miltenyi Biotec, Germany) according to manu-
facturer’s protocol.

Monocyte-derived dendritic cells (MoDCs) and macrophages (Mf) were obtained
by incubation of freshly isolated monocytes in complete medium in the presence of
40 ng/mL of recombinant human granulocyte macrophage-colony-stimulating factor
(GM-CSF) plus 40 ng/mL rh Interleukin-4 (IL-4) or 100 ng/mL of recombinant human
macrophage-colony-stimulating factor (M-CSF) (Peprotech), respectively, at 37 °C
in humidified atmosphere at 5% CO..

Cells differentiating into MoDCs were plated in tissue culture dishes (Falcon) at a
density of 1 x 105 cells/mL, while cells differentiating into Mf were plated in 24-well
plates (Costar) at a density of 5 x 10° cells/mL.

After 5 days of culture, MoDCs were harvested, washed in PBS, resuspended in
complete medium without antibiotics and seeded in polypropylene tubes (Falcon)
at a density of 1 x 10° cells/tube. MoDCs were infected with D-labelled STM-LT2,
STM-D23580 or ST-Ty2 at MOI of 10 bacteria per cell. Bacterial contact was maximised
by 5 min centrifugation at 500 g at room temperature. After incubation for 45 min at
37 °C, extracellular bacteria were removed by washing cells with PBS. MoDCs were
then incubated for 30 min in RPMI supplemented with 10% FBS, 2 mM L-glutamine
and 100 pg/mL of gentamycin to kill extracellular bacteria. After that, the gentamycin
concentration was reduced to 30 pg/mL for the rest of the experiment.

After 6 days of culture, Mf were washed with PBS and 500 pL of complete medium

without antibiotics was added to each well. Mf were infected with D-labelled STM-LT2,
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STM-D23580 or ST-Ty2 at an MOI of 15 bacteria per cell. After incubation for 30 min at
37 °C, extracellular bacteria were removed by washing cells twice with PBS. Mf were
then incubated for 30 min in RPMI supplemented with 10% FBS, 2mM L-glutamine
and 100 pg/mL of gentamycin to kill extracellular bacteria. After that, the gentamycin
concentration was reduced to 30 pg/mL for the rest of the experiment.

At each time point, eukaryotic cells were lysed by an addition of 500 pL of saponin
2% (w/v) (Sigma) in PBS, followed by 5 min incubation at 37 °C. Cell lysates were used
for SCRS (see below) or were serially diluted 10-fold in PBS and plated onto LB agar (LB
Lennox Broth with agar; Sigma) to count the number of intracellular bacteria as CFU.

SCRS measurements and analysis. At specific time point post infection (p.i.),
bacteria were grown in RPMI and cell lysates of THP-1, MoDCs and Mf were washed
with PBS, fixed in 4% paraformaldehyde (PFA, EMS) in PBS (v/v) at room temperature
for 15 min and washed twice with Milli-Q water. Samples were then diluted to a degree
where single bacteria could be observed under the microscope and spotted onto a
microscopic slide with aluminium coating to minimise background signal. Individual
cells were observed under a 100x /0.8 microscope objective. SCRS were acquired using
an HR Evolution confocal Raman microscope (Horiba Jobin-Yvon, France) equipped
with a 532 nm neodymium-yttrium aluminium garnet laser. The laser power was
attenuated to 4.7 mW by neutral density (ND) filters. An objective with a magnification
of 100x was used to focus the laser beam on single cells with a laser spot size of ~1 pm?
and Raman scattering was detected by a charge coupled device (CCD) cooled at —68°C.
The spectra were acquired in the range of 500 to 3500 cm™! with a 300 grooves/mm
diffraction grating. The acquisition time was 10 s per spectrum and at least 30 single
bacterial cells were acquired per each condition.

Raman data pre-processing and analysis. All spectra were recorded and pre-
processed by comic ray correction and polyline baseline fitting using LabSpec 6 (Horiba
Scientific, France). Spectral normalisation was done by vector normalisation of the
entire spectral region. Data analysis, statistics and visualisation were done under
an R environment using in-house scripts. Each averaged spectrum is an average

from 30-50 single-cell measurements and the shaded area in SCRS represents the
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standard deviation. Quantification of intracellular biomolecule and D content was
done by integrating corresponding Raman bands in SCRS. Bands associated with
carbohydrates I (382 - 470 cm™ b, carbohydrates II (510 - 600 cm™ 1), adenine (705 -
736 cm™ 1), DNA/RNA (765 - 795 cm™}), tyrosine (843 - 869 cm™!), phenylalanine (985 -
1015 cm™!), carbohydrates III (1020 - 1070 cm™!), amide ITI (1208 - 1275 cm™!), lipid I
(1275 - 1357 cm™1), lipid IT (1425 - 1470 cm™ '), amide I (1630 - 1710 cm™ 1), saturated
C-H (2880 - 2950 cm™!) and unsaturated C-H (3040 - 3070 cm™!) were integrated to
quantify intracellular biomolecule concentration. The C-D (2070 - 2300 cm™!) and
C-H (2800-3030 cm™!) band areas were calculated to determine deuterium content
originating from incubation with D,0O. The ratio of C-D / (C-D + C-H) was used to
indicate the extent of deuterium incorporation and this ratio of three Salmonella
strains was mean-normalised at t = 0 hr. Quantification results were represented as
box plots or single-cell heatmaps. Donor-wise centring has been done in all analysis
which rendered any phenotypic heterogeneity due to metabolically different bacteria
and not due to differences among donors.

Machine learning classification model. A machine learning classification model
was built based on the fingerprint region (400 - 1800 cm™!) of the SCRS of inoculum
STM-LT2, STM-D23580 and ST-Ty2 (116, 152, 125 SCRS respectively). The model was
based on k-Nearest-Neighbor (kNN) algorithm which is a simple machine learning
classifier based on Euclidean distance between individuals. Leave-one-out-cross-
validation (LOOCV) was used to evaluate the performance of the model and per-
formance measures were computed as sensitivity for each strain as well as an over-
all accuracy rate.

Sample preparation for proteomics and liquid chromatography-tandem mass
spectrometry (LC-MS/MS) analysis. For proteomic experiments, human MoDCs
were infected with Salmonella strains as described above. Two biological and three
technical replicates were performed in the proteomics experiments. At specific time
points p.i., MoDCs were lysed by addition of 500 uL of saponin 2% (w/v) in PBS
followed by 5 min incubation at 37 °C, and bacterial pellets were resuspended in

20 mM ammonium bicarbonate (ABC; Sigma-Aldrich, St. Louis, MO, USA). The cell



5. Application of SCRM-DIP in dynamic mapping of intracellular Salmonella
metabolism 95

solution was then supplemented with 50% trifluoroacetic acid (TFA; Uvasol, Merck,
Darmstadt, Germany) to reach a final concentration of 1%. After 15 min of incubation
at 37 °C pH was adjusted to pH 7.0 using 0.5 M ABC. Sequencing grade modified
trypsin (0.3 pg; Promega, Madison, WI, USA) was added and incubated for 16 h at
37 °C. Tryptic digestion was stopped by acetic acid (RotiPuran; Carl Roth GmbH +
Co. KG, Karlsruhe, Germany) at a final concentration of 1%. The suspension was
centrifuged at 13,000 g for 10 min at 4 °C. Supernatant was collected and purified
using ZipTip C18 (Millipore, Schwalbach, Germany). Purified tryptic peptides were
dried by lyophilisation, dissolved in Buffer A consisting of 2% acetonitrile (J.T. Baker;
part of Fisher Scientific, Waltham, MA, USA), 0.1% acetic acid (Roth) in water (J.T.
Baker), and subjected to LC-MS/MS analysis.

The procedure for the lysis of bacteria cells is different to common preparation
methods for in vitro experiments using urea or detergents. Due to the high pathogenic-
ity of S. Typhi we optimised the way to safely kill all bacteria in BLS-3 area in order to
continue with the peptide preparation outside. Previous studies have shown a strong
lytic effect of low pH conditions on gram negative bacteria which in turn kills them
rigorous®3>233, Tests with S. Typhi incubated with 1% TFA for 15 min did not show
any further bacterial growth and after neutralisation, trypsin was efficiently working.
E. coli was also treated under identical conditions using a low number of bacteria
and was analysed in MS. Using this method, we could identify a sufficient number of
proteins and we did not found any significant peptide modifications caused by the
use of TFA. Due to the neutralisation with ABC after 1% TFA treatment, the liquid
volume increased and a further addition of additional compounds would lead to very
high volumes. Additional precipitation steps would be necessary and would yield
to a loss of proteins/peptides. In addition, any use of e.g. urea leads to unspecific
artificial modification on a various number of peptides®3>233, This leads to a split of
the primary peptide intensity into more variances with lower intensities and further to
less identifications, because only a limited number of bacteria and proteins/peptides

were available. We therefore tried to limit the chemical treatments to a minimum.
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MS data analysis, protein identification, quantitation and analysis. LC-MS/MS
analyses of tryptic peptides were performed using an UltiMate 3000 RSLC (Thermo-
Fisher Scientific, Idstein, Germany) coupled to a Q Exactive plus mass spectrometer
(Thermo-Fisher Scientific) via a Nanospray Flex Ion Source (Thermo-Fisher Scientific).
Due to the very low number of bacteria isolated, a classical pre-normalisation by total
protein concentration determination could not be applied. Similar to previous in
vivo studies on Staphylococcus aureus®3*, all available bacteria cells were used to get
a maximum of proteins per sample. In order to get equal amounts in MS, we used
a 2-mg ZipTip bed to roughly equalise the peptide amounts before loading them on
high performance liquid chromatography (HPLC) column.

235 version

Raw data files from the LC-MS/MS runs were analysed using MaxQuan
1.5.3.8. The analysis was performed in strain-specific batches (10 files each for STM-
D23580 and ST-Ty2, 9 files for STM-LT2). Protein identification for STM-LT2 and
STM-D23580 was based upon a Salmonella FASTA database file which contained 4,547
target entries (S. Typhimurium strain LT2/SGSC1412/ATCC 700720, UniProt; proteome
ID UP000001014; November 28, 2017). A FASTA database with 4,295 S. Typhi entries
(S. Typhi strain Ty2/ATCC 700931, UniProt, proteome ID UP000002622; February 27,
2018) was applied for the ST-Ty2 MS data.

In all MaxQuant analyses, parameters were set to specific Trypsin/P digestion with
maximal 2 missed cleavages. Oxidation of methionine, oxidation of cysteine, deamida-
tion of asparagine, and N-terminal acetylation was chosen as variable modifications
with at most 5 modifications allowed per peptide. Fixed modifications were not set.
The peptide mass was limited to 9,900 Da. Label-free quantification (LFQ) with an
LFQ minimal ratio count of 2 was selected. Protein identification was supported by
the alignment between the samples of each analysis batch using the “match between
runs” feature with a match time window of 0.7 min and an alignment time window of
20 min. The false discovery rate (FDR) was controlled using a target-decoy approach
and limited to 1%. A post-measurement statistical normalisation was done by default
in LFQ calculation in MaxQuant. It is based on normalization introduced by Cox

et al. in 2014236, This normalisation approach considers that most proteins do not
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change between different samples of the same organism, so an average behaviour
is used as a standard for normalisation. Supporting in this thesis 602 proteins were
found in all three analysed conditions.

Quantification was performed on normalised data and a minimum ratio count of
2, with unique and razor peptides, including unmodified as well as modified peptides.
Other parameters were set to default values. Resulting data of protein identifications
were filtered prior to analysis of biological content. Contaminants, false-positive
(reverse) hits and protein groups containing more than single proteins were removed.

The following analysis was done in an R environment. Log2 transformed LFQ
intensities were calculated and pairwise comparisons of post-infection time points
0.75 hr, 2 hr, 4 hr and 6 hr (6 pairs in total) were done using empirical Bayes approach
in LIMMA package®¥’. Proteins with p < 0.05 (moderated t-test) at any pairwise
comparison were determined as differentially expressed proteins (DEPs). DEPs were
then functionally annotated using Biocyc database?3®. The proteins related to energy
and biosynthesis pathways were visualised by dot plots and heatmaps to observe

changes in the expression level of proteins during courses of infection.

5.3 Results and Discussion

5.3.1 Phenotypic profiles based on SCRS successfully distinguish closely
related Salmonella strains

The fingerprint region (400-1800 cm™!) can be used as a phenotypic profile to
discriminate closely related bacteria based on their metabolic states. In order to
understand whether the three genetically close Salmonella strains (STM-LT2, STM-
D23580 and ST-Ty2), yet responsible of distinct clinical manifestations in humans,
can be discriminated by their metabolic profiles, SCRS of bacterial cultures were
obtained and analysed.

Figure 5.1A shows the SCRS of STM-LT2, STM-D23580 and ST-Ty2, averaged from
30-50 single-cell measurements of each strain, where the shaded area represents the

standard deviation from single-cell measurements. Wavenumbers and corresponding
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Figure 5.1: (A) Average SCRS of overnight cultures of STM-LT2, STM-D23580 and ST-Ty2 with
biological assignments of important biomolecules. (B) PCA plot demonstrating distinctive
metabolic properties of STM-LT2, STM-D23580 and ST-Ty2 in the Raman fingerprint region.
(C) Boxplots show semi-quantification of selected biomolecules by integrating relevant Raman
bands. Abbreviations of the biomolecules are listed as follows: “CH” stands for “Carbohydrates”;
“DNA” stands for “DNA/RNA”; “Tyr” stands for “Tyrosine”; “Phe” stands for “Phenylalanine”.
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Table 5.1: Assignment of Raman bands in section 4.3.1

Wavenumber/cm™! Assignment Vibrational mode Reference
410 Carbohydrates I skeletal mode of [239]
carbohydrates
545 Carbohydrates II C-0O-C glycosidic [178]
ring deformation
722 Adenine Ring breathing [50]
780 DNA/RNA cytosine, uracil ring (178, 179]
breathing
853 Tyrosine Ring breathing [50]
1003 Phenylalanine Ring breathing [240]
1043 Carbohydrates III C-0O stretching [241]
1240 Amide III of 40% C-N [46]
proteins stretching, 30%
N-H bending
1320 Lipid I C-H deformation (48]
1450 Lipid II CH, deformation (48]
1574 Amide II of 60% N-H bending, [46]
proteins 40% C-H stretching
1662 Amide I of proteins 80% C=0 stretching [46]

vibrational modes of spectral features assigned to nucleic acids, proteins, lipids and
carbohydrates are summarised in Table 5.1.

Since one SCRS contains hundreds of Raman bands, unsupervised principal com-
ponent analysis (PCA) was used to reduce the high dimensional Raman dataset and
reveal key information responsible for single-cell variances. PCA plot along the first
two principal components (PC1 and PC2) separates the three bacterial strains, in
which the invasive, non-typhoidal STM-D23580 sits in between the non-invasive, non-
typhoidal STM-LT2 and the invasive, typhoidal ST-Ty2 (Figure 5.1B). It indicates that
the three Salmonella strains (STM-LT2, STM-D23580 and ST-Ty2) have distinctive
phenotypic profiles.

Semi-quantification of intracellular biomolecules was then performed by integrat-
ing relevant Raman bands to highlight the phenotypic differences among the three
strains (Figure 5.1C and Table 5.1). The most significant differences were observed in
carbohydrates (Carbohydrates III), nucleic acids (Adenine and DNA/RNA), lipids (Lipid

II), amino acids and proteins (Tyrosine, Amide III and Amide I). These differences
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Figure 5.2: Loading plot of SCRS of STM-LT2, STM-D23580 and ST-Ty2, with Raman wavenum-
bers against their contributions to PC1 of the PCA.

correlate with the Raman contributions along PC1 of the PCA, which accounts for the
highest variances among single bacterial cells (Figure 5.2).

A number of traits in the Raman metabolic profiles indicate a closer congruity
between the invasive STM-D23580 and ST-Ty2 than to the non-invasive STM-LT2
(Figure 5.1C). The most significant changes in peak intensity between the two invasive
strains and STM-LT2 were observed in Raman wavenumbers at 722 and 780 cm ™!,
corresponding to nucleic acids (Adenine and DNA/RNA), and at 1574 and 1662 cm ™!,
corresponding to proteins (Amide III and Amide I). An increased DNA/RNA intensity
could be due to different DNA states, transitioning from a condensate form in STM-LT2
to an uncoiled form in STM-D23580 and ST-Ty2, ready for more transcription activities
in these invasive strains. The relaxed states of DNA facilitate efficient transcription,
which may also account for the high intensity of the Amide peaks, and thus more
protein synthesis in STM-D23580 and ST-Ty2.

It was previously reported that S. Typhi no longer retains the pathway for tyrosine
utilisation®*? because this serovar does not remain long enough in the gut to utilise

the aromatic compounds produced by the human intestinal flora®*3. In agreement,

the Tyrosine peak (853 cm™!) is significantly lower in ST-Ty2 and STM-D23580 as
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Table 5.2: Confusion matrix and performance evaluation of the kNN classification model
classifying 116 STM-LT2 spectra, 152 STM-D23580 spectra and 125 ST-Ty2 spectra.

Actual class
STM-LT2 STM-D23580 ST-Ty2
STM-LT2 106 10 0
Predicted class STM-D23580 10 135 3
ST-Ty2 0 7 122
Performance evaluation Sensitivity 91.4% 88.8% 97.6%
Accuracy 92.4%

compared to STM-LT2 (Figure 5.1C).

Surface lipids and proteins are often antigenic and represent the first line of contact
with the host immune system?**. Lipid IT at 1450 cm™! refers to saturated lipids that
are abundant in the bacterial cell wall, in particular, myristate and palmitate*®. Lipid
II peak is significantly higher in STM-LT2 as compared to STM-D23580 and ST-Ty2
(Figure 5.1C). The development of a robust outer membrane with an increased level
of saturated lipids confers resistance to antimicrobial peptides?**. This characteristic
might be of relevance to STM-LT2, which primarily resides in the gut, but can be
lost in those pathovars that do not remain long enough in the gut, such as ST-Ty2
and STM-D23580.

The Carbohydrates III (1043 cm™!) quantification (Figure 5.1C), on the other hand,
indicates dissimilarities between the typhoidal and the typhimurium strains, with
ST-Ty2 exhibiting a significantly lower content. The genome of the extra-intestinal
Salmonella pathovars, such as S. Typhi, S. Paratyphi, S. Gallinarum and S. Choleraesuis
exhibits degradation of regulators for a variety of processes, including carbohydrates
metabolism?*°. For instance, the human-restricted serovars S. Typhi and S. Paratyphi
A harbour pseudogenes related to the transport of D-glucarate into the cell, suggest-
ing that the utilization of this carbon source may not be advantageous in causing
invasive infection?*?,

Whilst feature extraction provides invaluable biochemical information on the
phenotypic differences, machine learning algorithms can be used to resolve complex
Raman information, classify bacterial species and benefit diagnostic purposes. A

classification model based on k-Nearest-Neighbour (kNN) algorithm was applied
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to analyse the SCRS of STM-LT2, STM-D23580 and ST-Ty2. A leave-one-out-cross-
validation evaluated the kNN model, achieving an overall accuracy rate of 92.4% (Table
5.2). This classification model correctly classifies 106 out of 116 STM-LT2 spectra
(sensitivity 91.4%), 135 out of 152 STM-D23580 spectra (sensitivity 88.8%) and 122 out
of 125 ST-Ty2 spectra (97.6%). The highest sensitivity rate is achieved in classifying
ST-Ty2 indicating that substantial differences emerge between the typhoidal and the
non-typhoidal strains. Notably, all incorrect assignments of STM-LT2 and ST-Ty2 solely
belong to the class of STM-D23580, whilst STM-D23580 is incorrectly classified as
both STM-LT2 and ST-Ty2. This is consistent with both results from the PCA and
quantification of biomolecules (Figure 5.1B and C). While STM-LT2 and ST-Ty2 bear
distant resemblance, STM-D23580 is closely related to STM-LT2 at a taxonomic level

but features many of the ST-Ty2’s traits.

5.3.2 Intracellular Salmonellashows distinctive metabolic activities
revealed by SCRM-DIP

STM-LT2
STM-LT2in D,O
EC-DH5a

EC-DH5a in D0
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Figure 5.3: SCRS of STM-LT2 and E. coli DH5a. Bacterial cultures were grown overnight in
LB broth in the presence of 35% D,0. A broad C-D band indicates an incorporation of D
during active metabolism. The shaded area represents standard deviation from 30 single-cell
measurements.
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We then sought to implement SCRM-DIP and reverse labeling?® to detect the
metabolic rates of Salmonella serovars. Due to the incorporation of D from D,0 during
active metabolism, a significant C-D Raman band centred at 2170 cm™! appears
in bacterial SCRS, shifted from the C-H vibrations at 2800-3100 cm™~!. Hence, the
intensity of the C-D band can be used to indicate the metabolism rate of the bacteria.
In the presence of D,0, the SCRS of Salmonella spp. showed a distinguishable C-D
band, similar to Escherichia coli DH5a (EC-DH50) (Figure 5.3), which has been used
extensively in SCRM-DIP as a reference strain?°>246, Hence, the D incorporation in cells

can be used as a universal indicator of metabolic activity applicable to Salmonella spp..
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Figure 5.4: SCRS and PCA plots of D-labelled STM-LT2 under different conditions: (A) and (B)
growth at post-freezing or fresh state; (C) and (D) growth with or without sucrose,

The degree of D,0O incorporation by STM-LT2 was compared with EC-DH5q, used
as areference. Assimilation of intracellular D was tested under different experimental
conditions (before and after cryopreservation at —80 °C; with or without the presence

of 10 mM sucrose) to prove the robustness of the SCRM-DIP method. Bacteria were
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able to retain the same level of D and metabolic fingerprints after cryopreservation at
—80 °C (Figure 5.4A and B). Moreover, the ability to incorporate D and the metabolic
states of Salmonella were not affected by the presence of sucrose in liquid culture
(Figure 5.4C and D).

To better understand the metabolic features that underlie Salmonella’s survival and
replication within the host cells, the three Salmonella strains were initially labelled with
deuterium and then reverse labelling was employed to trace the metabolic changes over
time during the interaction of Salmonella with human host cells. Figure 5.5A shows
SCRS of STM-LT2, STM-D23580 and ST-Ty2 recovered at different time points post
infection (p.i.) of THP-1 cell line, human monocyte-derived dendritic cells (MoDCs)
and human macrophages (Mf). The three strains growing in liquid culture were used
as extracellular controls.

In THP-1 and Mf, time points of 0 hr, 0.5 hr, 1 hr, 2 hr, 4 hr and 6 hr p.i were selected
for analysis while cells were lysed at 0 hr, 0.75 hr, 2 hr, 4 hr and 6 hr p.i. for MoDCs. The
difference in time points reflects the effector functions of each of the cell types herein
included. Mf and differentiated THP-1 cells are specialised phagocytic cells that quickly
uptake and clear pathogens by engulfing them. Across ex vivo settings, incubation
time of 30 minutes or even less guarantees successful internalisation of Salmonella by
human Mf?4"248Compared to Mf, the phagocytic activity of dendritic cells (DCs) is
less pronounced?#?. After sensing pathogens via receptors or via inflammatory stimuli,
DCs switch on expression of chemokine receptors, migrate to draining lymphoid
organs and undergo a process of maturation. Unlike Mf, the major task of DC is not
to clear pathogens but to present antigens to T lymphocytes. Thus, pathogen uptake,
phagosomal degradation and acidification are much lower in DCs than in Mf?*°, Taking
into account the above and in order to maximise the phagocytic activity of our MoDCs,
we prolonged the incubation time from 30 to 45 minutes, becoming the first time
point p.i.. Indeed, the selection of time points is the actual result of experimental
optimisation. Our model is in line with other publications?®12%3,

Figure 5.5B illustrates that, at each time point, cellular D content was quantified by

calculating the ratio of C-D / (C-D + C-H) in SCRS of single bacterial cells. The overall
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Figure 5.5: (A) SCRS of Salmonella serovars under four experimental conditions: extracellular
growth in liquid culture, and intracellular metabolism during infection of a differentiated
THP-1 cell line, primary monocyte-derived dendritic cells (MoDCs) and primary macrophages
(Mf). (B) Boxplots quantifying D content at different time points. Linear regression shows the
D decreasing speed for each strain at each experimental condition. Notation above the box
plots indicates statistical significance of the three strains at each time point by one-way ANOVA
test (ns: p > 0.05; *: p < 0.05; **: p < 0.01; ***: p < 0.001; ****; p < 0.0001). Linear regression was
fitted to compare the D decreasing speed of each strain in each infection condition and the
slope was labelled as 3. The absolute value of 3 represents the metabolism speed.



5. Application of SCRM-DIP in dynamic mapping of intracellular Salmonella
metabolism 106

metabolic rate was determined as the gradients () of D loss during growth in liquid
culture and replication in either THP-1 cells, MoDCs or Mf. In this reverse labelling
process, the initial labelled C-D band gradually decreased due to a replacement of
C-H band during active metabolism. Therefore, a greater C-D loss speed [ represents

a higher bacterial metabolic rate.
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Figure 5.6: (A) Extracellular growth of D-labelled bacteria in RPMI. Intracellular growth of
D-labelled bacteria in (B) THP-1, (C) MoDCs and (D) Mf. An average of two experiments is
shown.

Under a free-living condition in the growth medium, SCRS of extracellular Salmonella
illustrate a gradually decreasing C-D band over time in all three Salmonella strains.
ST-Ty2 displays the fastest D loss (-0.01233), compared to STM-LT2 (-0.00917) and STM-
D23580 (-0.00976), indicating that ST-Ty2 is the most active and fastest duplicative
strain in liquid culture. This is consistent with the higher colony forming unit (CFU)
counts in Figure 5.6A in comparison to two Typhimurium strains. In support of
these results, the Raman phenotypic quantification in Figure 5.1C also shows that
in a nutrient-rich environment, the higher energy requirements of ST-Ty2, necessary
for its replication, is fulfilled by higher consumption of carbohydrate stocks (Carbo-

hydrates III). The extensive growth is accompanied by a higher content of nucleic
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acids (DNA/RNA) ready for transcription and increased protein production (Amide
[T and Amide I) (Figure 5.1C).

A decrease of the C-D band in the recovered intracellular Salmonella was also
observed in all strains, during time-course infection of THP-1 cells, MoDCs and Mf
(5.5A). In contrast to the observation in the liquid growth medium, all infection models
show that ST-Ty2 was the strain with the slowest metabolic rate (Figure 5.5B). In THP-1
cells, at 6 hr p.i., a visible amount of the C-D band is still present in the spectra of
ST-Ty2, as opposed to the complete absence of the C-D band in STM-LT2 and STM-
D23580. Quantification of D content confirms that ST-Ty2 has the slowest metabolic
rate (-0.00351), comparing to STM-LT2 (-0.00583) and STM-D23580 (-0.00476). A
similar spectral pattern is also observed in human MoDCs and Mf, where ST-Ty2 has
the slowest metabolism (-0.00417 in MoDCs, -0.00192 in Mf), followed by STM-D23580
(-0.00471 in MoDCs, -0.00220 in Mf) and ST-LT2 (0.00718 in MoDCs, -0.00430 in Mf).
The slowest metabolic rate of ST-Ty2 during infection in THP-1, MoDCs and Mf also
correlates with the CFU counting of the three Salmonella strains (Figure 5.6B, C and
D). Therefore, in terms of Salmonella metabolic activity in all infection models, the
invasive ST-Ty2 has the slowest metabolic rate, and the non-invasive STM-LT2 has the
fastest metabolic rate, whilst the activity of the non-typhoidal but invasive clinical
strain STM-D23580 is in between.

It is known that the invasive host-adapted Salmonella replicates slowly and elicits

216 in order to avoid immune-surveillance and to

weaker pro-inflammatory responses
disseminate inside host cells. Our results highlight a plausible strategy adopted also by
STM-D23580 to slow down its central metabolism in an effort to survive intracellularly
while avoiding immune recognition.

Overall, all three Salmonella strains exhibited a slower metabolism in intracellular
conditions than in free-living, liquid growth medium. The metabolic activity was
particularly reduced in Mf as compared to THP-1 and MoDCs, most likely as a result of

the hostile acidic phagosomal environment®>*. Likewise, Mf exhibited increased killing

ability compared to THP-1 and MoDCs, as shown in the lower CFU counts within Mf
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compared with other cell models in Figure 5.6. This result suggests that inside the fatal

compartment of macrophages, Samonella remains silent and not very active.

5.3.3 SCRS map dynamic phenotypic profiles of intracellular Salmonella
within primary cells

We hypothesise that Salmonella could transit from aerobic to anaerobic lifestyle
and switch at the level of nutrient uptake and biomass synthesis to adapt in the hostile
environmental niches inside host cells. As SCRS provide a snapshot of bacterial
phenotypic profiles, SCRS of intracellular cells were analysed for each Salmonella
strain by quantifying relevant Raman bands at different time points p.i., thus providing
a phenotypic comparison across strains. Statistics was done by using one-way ANOVA
with a global p-value to indicate general differences among time points (ns: p > 0.05;
*: p<0.05; **: p<0.01; ***: p <0.001; ****; p <0.0001). Linear regression was fitted to
compare the time-wise changes of one specific quantification in each strain and the
slope was labelled at the top right corner, where a negative value indicates a decrease
over time and a positive value indicates an increase over time. Time-resolved Raman
profiles are summarised and discussed in terms of carbohydrates, lipids, nucleic

acids and proteins as follows:

Carbohydrates

Variations in bacterial content of carbohydrates (Carbohydrates I, II and III) were
particularly evident in THP-1 and in Mf, as compared to MoDCs. Previous studies have
indicated that the intracellular lifestyle of Salmonella in MoDCs differs from that in

Mf24-2%6  suggesting that, in MoDCs, the bacteria do not require the gene expression

program necessary for survival in Mf. For instance, a high C-O stretching at 1050 cm ™!
(Carbohydrates III), the typical vibrational mode of glycogen?*!, was observed for all
the strains at 1 hr p.i. in Mf (t-test, **** against other time points in all strains). Since the
role of glycogen depots in the virulence of Salmonellahas been shown?®’, this result
may suggest that more intense stress conditions might be encountered by the bacteria

in Mf as compared to MoDC and 1 hr p.i. might be an important stage of host-exerted

stress and bacterial tolerance. Distant adjustments between MoDCs and Mf could
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suggest differences in host environments and accessibility of different metabolites in

the Salmonella-containing vacuole (SCV) during the course of infection.
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Figure 5.7: Raman profiling of carbohydrates in intracellular bacteria. Raman bands of
Carbohydrates I, II and III were quantified in fingerprint region of SCRS of STM-LT2, STM-
D23580 and ST-Ty2 at different time point of infection in (A) THP-1 cells, (B) dendritic cells and
(C) macrophages.

Across three strains, an increased consumption of Carbohydrates III in STM-LT2
was observed in THP-1 (-0.19) and MoDCs (-0.08) as compared to STM-D23580 (-
0.18 in THP-1; 0.01 in MoDCs) and ST-Ty2 (0.00 in THP-1; -0.02 in MoDCs). This
indicates a greater utilisation of carbohydrate stocks by the non-invasive STM-LT2

during infection.
Lipids

On the contrary to the carbohydrates quantification, a decrease of Lipid I (saturated
long chain fatty acids) at 1320 cm™! is observed in STM-D23580 (-0.2 in THP-1; -
0.11 in MoDC; -0.12 in Mf) and ST-Ty2 (-0.16 in THP-1; -0.23 in MoDCs; -0.15 in
Mf), compared with in STM-LT2 (-0.12 in THP-1; -0.05 in MoDCs, -0.11 in Mf). The
results of favouring lipids over carbohydrates during the course of infection suggest
that the invasive Salmonella ST-Ty2 and STM-D23580 should adopt a switch from
carbohydrate consumption to lipid consumption. In line with a previous study?°®, our
results suggest that invasive Salmonella appears to switch off the glycolytic pathways,

using fatty acids as carbon sources instead.
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Figure 5.8: Raman profiling of lipids in intracellular bacteria. Raman bands of Lipid I and
TUFA/TFA were quantified in fingerprint region of SCRS of STM-LT2, STM-D23580 and ST-Ty2
at different time point of infection in (A) THP-1 cells, (B) dendritic cells and (C) macrophages.

The contribution of lipid metabolism to the virulence and survival of Salmonellain
the intravacuolar environment has been highlighted in a number of studies®>%2%, For
instance, fadE, which encodes for an acyl-CoA dehydrogenase specific for medium-
/long-chain fatty acids, was significantly increased in S. Typhimurium during carbon
starvation®%’, The development of a robust outer membrane, due to the increased
level of saturated lipids confers certain resistance to antimicrobial peptides?®!, in
particular during the stages of gut infection.

To further assess the modulation of Salmonellalipidic phenotype during its intra-
cellular life, we analysed the higher wavenumber region of the SCRS (2700 — 3300 cm™1).
The band centered at 3060 cm ™! in SCRS is representative of unsaturated =CH stretch-
ing and the one at 2930 cm ™! represents all CH, CH, and CHj stretching in the cell?%2,
The ratio of total unsaturated fatty acids/total fatty acids (TUFA/TFA) is commonly
used in Raman studies to characterize lipid membrane profile*. The TUFA/TFA ratio is
also used to study changes in lipid content of bacterial cell wall, as an index of bacterial
adaptation and response to oxidative stress?®3. Increased unsaturation of lipids causes

fluidising of the membrane and allows membrane modifications that enhance the

tolerance of bacteria under stress conditions. As bacterial membrane modification
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is particularly upon internalisation, we compared the TUFA/TFA ratio between the
intracellular and the extracellular conditions. The TUFA/TFA ratio in all conditions
show a marked upregulation in STM-LT2 (0.15 in THP-1; 0.13 in MoDCs; 0.16 in Mf)
compared to STM-D23580 (0.12 in THP-1; 0.06 in MoDCs; 0.14 in Mf) and ST-Ty2
(0.16 in THP-1; 0.11 in MoDCs; 0.07 in Mf), highlighting the differences in membrane
alteration between the invasive and non-invasive strains. Notably, the TUFA/TFA ratio
in all strains increased dramatically from 0 hr to 0.5 hr in Mf (t-test, **** in STM-LT2, ***
in STM-D23580 and * in ST-Ty2), suggesting a rearrangement of the surface moieties

upon phagocytosis necessary to resist to the hostile intra-macrophage environment.

Nucleic acids

Transient accumulation of adenine was observed for all the bacterial strains during
an early stage of MoDC infection. This result can be explained by the fact that bacteria
might have sufficient purine reserves to sustain only the initial host cell attack. It
is also possible to suggest that the bacteria utilise more purine reserves at a later
stage of infection for intracellular survival and replication. However, in Mf, significant
alterations of the Adenine peak were only detected for the Typhimurium strains. Purine
nucleotides are critical for intra-macrophage survival of Salmonella. Under purine-
limiting environments like the macrophage phagosome, Salmonella is unable to repair
the DNA damage, which ultimately results in bacterial death?54,

In Figure 5.9B, a clear variation in DNA/RNA macromolecules is visible during
MoDC infection for all bacterial strains, with a marked upregulation at 2 hr p.i. (t-test, *
in STM-LT2, *** in STM-D23580 and ** in ST-Ty2), likely due to increased DNA synthesis
and transcriptions. A decrease was observed in the invasive STM-D23580 (-0.23) and
ST-Ty2 (-0.20), as compared to STM-LT2 (0.12). Amide I (Figure 5.10), a representative
peak of C=0 stretching in proteins (Table 5.1), showed different time-wise modulation
as compared to DNA/RNA. We calculated the ratio of nucleic acids/protein for all three
Salmonella strains during infection as an indicator of intracellular bacterial replication
(Figure 5.9). Following a short increase of the ratio, a significant decrease is observed in

the invasive STM-D23580 (-0.22) and ST-Ty2 (-0.16) compared to STM-LT2 (-0.04). This



5. Application of SCRM-DIP in dynamic mapping of intracellular Salmonella
metabolism 112

A B Cc

Adenine DNA/RNA NAs/Proteins Adenine DNA/RNA NAs/Proteins Adenine DNA/RNA | NAs/Proteins

T O e

+"++;i J++41 U s M N L TR AL
whus =T atpy it

by i oo elaibyh

K S K S K S X S K S N KU XY

ZLTNLS
ZLTNLS

ZL1-NLS

i ——
| =
—i-
—I+
-+

08S€ZA-WLS
08S€ZA-WLS

08S€ZA-WLS
Quantification in Mf (a.u.)

—-

—1-

—a

| —l-
—-
i

-

-

—
—-

Quantification in THP-1 (a.u.)
Quantification in MoDCs (a.u.)

ZALr1s
zAL-1s

zh1-1s
——
-
-
—-
—.

Figure 5.9: Raman profiling of nucleic acids in intracellular bacteria. Raman bands of of
Adenine, DNA/RNA, and the ratio of DNA/RNA to Amide I were quantified in fingerprint region
of SCRS of STM-LT2, STM-D23580 and ST-Ty2 at different time point of infection in (A) THP-1
cells, (B) dendritic cells and (C) macrophages.

indicates an active intracellular bacterial replication at earlier time points, followed
by a decrease later in the infection, probably due to a reduction of DNA synthesis and
arrested growth of the invasive strains as a consequence of the adverse intracellular
environment. Nevertheless, a great heterogeneity can be observed in the nucleic

acids/protein ratios, implying bacterial sub-populations in different growth phases.
Aromatic amino acids and proteins

Significant fluctuation in the levels of phenylalanine is observed in STM-D23580
and ST-Ty2 as compared to STM-LT2 in both MoDCs and Mf. The contribution of
aromatic amino acid metabolism to intracellular Salmonella proliferation has been
shown to be important and distinct in different cell types?®>. Notably, in MoDCs,
all bacteria have a bimodal expression of phenylalanine, suggesting that bacteria in
different metabolic stages may be simultaneously present inside the host.

Significant variations in the Amide III peak were also detected except for STM-
LT2 in MoDCs, possibly due to either intracellular stress that changes the properties
of bacterial proteins and enzymes, or protein denaturation as a result of bacteria
being killed. Indeed, significant changes in the Amide III peak are noticeable during
Mf infection, in agreement with the decreased bacterial survival (Figure 5.6) and

metabolic activity (Figure 5.5) previously observed. Additionally, a decrease can be
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Figure 5.10: Raman profiling of amino acids and proteins in intracellular bacteria. Raman
bands of of Tyrosine, Phenylalanine, Amide III and Amide I were quantified in fingerprint
region of SCRS of STM-LT2, STM-D23580 and ST-Ty2 at different time point of infection in (A)
THP-1 cells, (B) dendritic cells and (C) macrophages.

observed in STM-D23580 (-0.15) and ST-Ty2 (-0.22) during infection of MoDCs as
compared to STM-LT2 (-0.07), which might contribute to invasive characteristics

of these strains in MoDCs.

5.3.4 Single-cell Raman analysis resolves phenotypic heterogeneity
in isogenic populations

Salmonella displays significant cell-to-cell variation resulting in distinct subpopula-
tions with different metabolic phenotypes. During infection, multiple outcomes are
observed when Salmonella encounters the host cell: bacteria may reside in the SCV or
escape in the cytosol, they can replicate and spread to neighbour cells or die due to
antimicrobial defence mechanisms. Single-cell measurements help to reveal different
sub-groups of bacteria in otherwise seemingly homogeneous populations. We, thus,
generated a t-Distributed Stochastic Neighbour Embedding (t-SNE) of all bacterial cells
in MoDCs and Mf at 2 hr p.i. to exemplify and visualise the multimodal behaviours of
intracellular bacteria. In Figure 5.11, three subpopulations were clustered for bacteria
in MoDCs (MoDC1, MoDC2 and MoDC3) and Mf (Mf1, Mf2 and Mf3).

Bacteria in the MoDC3 cluster were enriched in lipid content while displaying
low levels of carbohydrates. This metabolic phenotype is compatible with that of
bacteria restricted to phagosomal compartments, in which glucose is less available

and alternative carbon sources are required?%®. The nitric oxide (NO) produced in the
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Figure 5.11: (A) A t-SNE plot of single cells (perplexity = 10) computed based on SCRS of STM-
LT2, STM-D23580 and ST-Ty2 at 2 hr p.i. of MoDCs and Mf. Three bacterial subpopulations
were clustered in MoDCs (MoDC1, MoDC2 and MoDC3) or in Mf (Mf1, Mf2 and Mf3). (B) t-SNE
plots coloured based on quantification of different biomolecules. The intensity gradient is
mapped from green (low) to red (high).

SCV targets the pyruvate and o-ketoglutarate dehydrogenase complexes, which would
strongly affect glycolysis, glycogenesis and the TCA cycle?®’. The higher lipid content,
on the other hand, suggests the employment of alternative energy pathways.
MoDC3 and Mf3 clusters also had a low TUFA/TFA ratio. When exposed to acidic
pHs, such as in the SCV, Salmonella induces a profound rearrangement of lipid
membranes by increasing the unsaturated fatty acids content?®®. On the contrary, the
higher TUFA/TFA ratio, observed for the bacteria in the clusters MoDC2 and Mf2, could
suggest continuous internal turnover, damage, and/or loss to the environment, which
has previously been proposed as a potential strategy adopted by the persisters?® .
Diversity in proliferation is also observed in different bacterial groups. A low DNA/RNA
contents and NAs/protein ratio was observed for the bacteria of the “intraphagosomal”
clusters MoDC3 and Mf3. In fact, under particular stress conditions, such as the pres-
ence of NO, Salmonella cell division is reduced®’®?7!. On the contrary, high protein-
specific peak intensities indicate an increase in protein synthesis, which may be
required for the correct assembly of the type II secretion system (T2SS) machinery?’2.

On the other hand, bacteria in the clusters of MoDC1, MoDC2, Mf1 and Mf2 exhibit
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a different metabolic profile characterised by a high content of carbohydrates and
nucleic acids concomitant with a reduced TUFA/TFA ratio.

The Mf3 population is bigger than MoDC3, suggesting that a more efficient com-
partmentalisation of Salmonella in the SCV could be achieved by Mf. Previous studies
have indicated that the intracellular lifestyle of Salmonellain MoDCs differs from that
in Mf2>4-2% implying that Salmonella’s gene expression required for survival inside
MoDCs is not the same as the one needed for survival in Mf.

A heatmap of single-cell Raman band intensities was then generated in Figure 5.12.
It indicates the proximity and relationships of different biomolecule modules over the
course of infection Raman profiles of Carbohydrates I, II, Amide I and Lipid II clustered
closely in all strains in human MoDCs and Mf. These spectral features are associated
with macromolecules that generally contribute to cell surface properties of bacteria
(e.g. glycoprotein, glycolipid and lipopolysaccharide). Simultaneous regulation of
these molecules might indicate a rearrangement of the surface antigen moieties, which
in turn, could allow Salmonella to resist the hostile intracellular environment.

Figure 5.12 also indicates a certain level of heterogeneity in biomolecule synthesis
and utilisation. At a later stage of the infection, such heterogeneity was particularly
accentuated in primary cells as compared to THP-1 cells. For example, compared
to a rather homogeneous distribution of Carbohydrate I across all time points in
THP-1, subpopulations of very high or low Carbohydrate I content started to develop
in MoDCs and Mf.

Accurate results on metabolic responses are often hampered by the use of cancer
cell lines that already exhibit various de-regulated reactions in the primary carbon
metabolism. Cell lines have already experienced massive metabolic changes which
may be similar to those triggered by the bacteria and hence may mask pathogen
heterogeneity?’3. Importantly, donor-wise centring proved that this phenotypic het-
erogeneity was due to metabolically different bacteria and not due to differences

among donors.
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Figure 5.12: Single-cell heatmap from Raman integrations of important biomolecules demon-
strates serovar-specific heterogeneity during the course of infection of (A) THP-1, (B) MoDCs
and (C) Mf. The heatmap is column-scaled and each column of the heatmap represents one-
time point and within each time point, Raman intensities were ordered from the highest to the
lowest. Each row of the heatmap represents a group of biomolecule and rows were ordered
based on hierarchical clustering dendrogram to view proximity and relationships of different
biomolecules.

5.3.5 Intracellular Raman profiles are consistent with the proteomic
analysis

MoDCs are the most important antigen-presenting cells. The ability of Salmonella
to subvert MoDC functions may contribute to their survival and dissemination within
the host?®1?74275 In order to validate the Raman observations, we performed time-
course proteomics experiments of intracellular Salmonella recovered from MoDCs. We
identified 687 proteins in STM-LT2, 1,277 proteins in STM-D23580 and 1408 proteins in
ST-Ty2 (Figure 5.13). For each bacterial strain, differentially-expressed proteins (DEPs;

p < 0.05) were determined across the time points. Those DEPs were then functionally
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Figure 5.13: Venn diagram of proteins detected in STM-LT2, STM-D23580 and ST-Ty2, in at
least 3 time points.

annotated to bacterial pathways related to either energy metabolism (Figure 5.14A
and Figure 5.15) or biosynthesis (Figure 5.14B and Figure 5.16).

Overall, proteins at 2 hr p.i. were less abundant compared to other time points
(Figure 5.15 and Figure 5.16). It has been shown that early SCV undergoes extensive
remodeling®’® and 2 hr p.i. might represent the stage at which Salmonella adapts
to the intra-SCV lifestyle and switches its metabolic requirements. This transient
downregulation of protein expression can be a consequence of an early host response.
Once the bacteria adapt to the hostile intracellular environment, they restore their
metabolic activity.

DEPs related to energy pathways

Carbon metabolism and energy utilisation are key to all bacterial metabolic events.
We, therefore, hypothesise that regulation in energy pathways could support the
observation that the three Salmonella strains demonstrate distinctive metabolism
rates by SCRM-DIP. Figure 5.14 shows expression of DEPs related to energy pathways.
Most of the proteins related to bacterial energy pathways were upregulated during the
intracellular life of STM-LT2 except for those responsible for glycolysis and fermenta-
tion. STM-D23580 exhibited a mixture of upregulated and downregulated pathways.

All pathways related to energy metabolism had a decreasing trend in ST-Ty2. This is in
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Figure 5.14: Dotplots of the abundance of DEPs (Log2 of the LFQ intensity) related to (A)
energy and (B) biosynthesis pathways in STM-LT2 (green), STM-D23580 (blue) and ST-Ty2
(red). The large dot represents the average of all Log2 protein expression values belonging to
a specific biosynthesis pathway at one time-point. Each of the small dots represents a data
value for an individual protein within the pathway. Time-wise changes were calculated as
linear regression slopes and represented as “++” and “+” being upregulated (>10"! and >1072),
“~” and “-” being downregulated (<-10"! and <-102), and “ns” being non-significant (<1073)
over time. Abbreviations of the pathways are listed as follows: “AA” stands for “Amino Acid
Biosynthesis”; “Amine” stands for “Amines and Polyamines Biosynthesis”; “Carbo” stands for
“Carbohydrates Biosynthesis”; “CellStr” stands for “Cell Structures Biosynthesis”; “Cofactor”
stands for “Cofactors, Prosthetic Groups, Electron Carriers Biosynthesis”; “FA/Lip” stands for
“Fatty Acids and Lipids Biosynthesis”; “MetReg” stands for “Metabolic Regulators Biosynthesis”;
“Nucleo” stands for “Nucleosides and Nucleotides Biosynthesis”; “Other” stands for “Other
Biosynthesis”; “SecMet” stands “Secondary Metbolites Biosynthesis”.

a good agreement with the SCRM-DIP results, indicating that the invasive typhoidal
ST-Ty2 had the lowest metabolic activity among three Salmonella pathovars (Figure
5.5), by slowing down most metabolic reactions to obtain energy and nutrients.
Figure 5.15 listed the expression and names of the DEPs related to energy pathways.
Overall, a downregulation of many metabolic enzymes in the TCA cycle is observed
in all Salmonella strains at 2 hr p.i., in good agreement with the previous report?’’.
For instance, the aspartate aminotransferase AspC, an important aminotransferase
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enzyme catalyzing the transfer of amino acids in the TCA cycle“’®, was downregu-

lated. Other TCA cycle related enzymes, the NADP-specific glutamate dehydrogenase
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Figure 5.15: Heatmap of the row-normalised abundance of differentially expressed proteins
(DEPs) related to energy pathways in (A) STM-LT2, (B) STM-D23580 and (C) ST-Ty2 or
biosynthesis pathways in (D) STM-LT2, (E) STM-D23580 and (F) ST-Ty2. Colour bars on
the left present assignment of protein to one specific energy pathway and individual protein
names are listed on the right. Abbreviations of the pathways are listed as follows: “Aero”
stands for “Aerobic Respiration”; “Anaero” stands for “Anaerobic Respiration”; “Chemo” stands
for “Chemoautotrophic Energy Metabolism”; “Ferment” stands for “Fermentation”; “Glycol”
stands for “Glycolysis”; “Other” stands for “Other Energy Pathways”; “PPP” stands for “Pentose
Phosphate Pathway”; “TCA” stands for “The Citric Acid Cycle”.

GdhaA, the succinyl-CoA synthetases SucC and SucD, and AcnA and AcnB were also
downregulated at a later stage of the infection. The inactivation of the TCA cycle
increases the ability of Salmonella to survive within resting and activated murine
macrophages®’?, which might explain a more prominent disruption of TCA cycle and
aerobic respiration in STM-D23580 and ST-Ty2 (Figure 5.14A). This result supports the
dynamic Raman profiling in MoDCs, where a significant consumption of carbon stock
(Carbohydrates III) was observed in STM-LT2, whilst higher consumption of lipids
occurred in STM-D23580 and ST-Ty2 (Figure 5.7). These results highlight a possible

strategy adopted by the invasive strains to survive intracellularly: switching energy
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sources from aerobic respiration to lipid-driven metabolisms. This conclusion is also
supported by a decrease in lipid biosynthesis pathway in STM-LT2, STM-D23580
and ST-Ty2 (Figure 5.14B).

DEPs related to biosynthesis pathways

Next, we sought to correlate the DEPs in biosyntheiss pathways with the dynamic
Raman profile of intracellular bacteria in MoDCs. Biosynthesis pathways related
to amino acids (AA), amine and polyamine were found to be differentially regulated
during the infection and differences among strains were observed (Figure 5.14B). While
proteins associated with glutamine and lysine synthesis were upregulated at final time
points in STM-LT2 (STM1795 and DapD), proteins associated with these pathways
(e.g. STM1795, GInA, ThrA, IlvC, IlvD, DapA, DapD) were detected at significantly
lower level at 6 hr, as compared to the initial stage of the infection, in STM-D23580 and
ST-Ty2 (Figure 5.16). Overall, AA biosynthesis was more repressed in STM-D23580 and
ST-Ty2 during the infection, as a significant decrease of Amide III was observed in the
invasive strains while non-significant changes were detected in STM-LT2 (Figure 5.10).

Phenylalanine biosynthesis proteins were significantly downregulated during in-
fection in STM-D23580 (PheT and PheS) and ST-Ty2 (PheA), but not in STM-LT2
(Figure 5.16), as significantly modulating phenylalanine bands observed only in STM-
D23580 and ST-Ty2 (Figure 5.10).

More evidently reduced abundance of nucleosides and nucleotides (NN) synthesis
proteins was observed in STM-D23580 and ST-Ty2 (Figure 5.14B), similar to marked
decreasing DNA/RNA bands in the Raman profile of the invasive strains (Figure 5.9).
On the contrary, ATP binding proteins AtpA, NrdA and Ndk in STM-LT2 increased over
time (Figure 5.16), in agreement with a higher DNA/RNA band in the Raman profile
of STM-LT?2 at the later time point of the infection (Figure 5.9).

Purine metabolism proteins (e.g. PurA, PurB, PurG, PurM) were differentially
abundant in all the strains with a transient decrease and an upregulation at later time
points (Figure 5.16). Purine nucleotides are thought to be critical for intracellular
survival and bacterial virulence and induction of purine biosynthesis pathways was

undetected for Salmonella cultured in vitro*®®281 The results from both the Raman



5. Application of SCRM-DIP in dynamic mapping of intracellular Salmonella
metabolism 121

" AA = Amine Carbo e=== CellStr Cofactor
20 2 e FA/Lip MetReg === Nucleo Other === SecMet

Row Z-Score

0.75hr  0.75h 2h 2h 4h 4h 6h 6h

0.75hr  0.75h 2h 2h 4h 4h 6h 6h

0.75hr  0.75h 2h 2h 4h 4h 6h 6h

Figure 5.16: Heatmap of the row-normalised abundance of differentially expressed proteins
(DEPs) related to biosynthesis pathways in (A) STM-LT2, (B) STM-D23580 and (C) ST-Ty2.
Colour bars on the left present assignment of protein to one specific energy pathway and
individual protein names are listed on the right. Abbreviations of the pathways are listed as
follows: “AA” stands for “Amino Acid Biosynthesis”; “Amine” stands for “Amines and Polyamines
Biosynthesis”; “Carbo” stands for “Carbohydrates Biosynthesis”; “CellStr” stands for “Cell
Structures Biosynthesis”; “Cofactor” stands for “Cofactors, Prosthetic Groups, Electron Carriers
Biosynthesis”; “FA/Lip” stands for “Fatty Acids and Lipids Biosynthesis”; “MetReg” stands
for “Metabolic Regulators Biosynthesis”; “Nucleo” stands for “Nucleosides and Nucleotides
Biosynthesis”; “Other” stands for “Other Biosynthesis”; “SecMet” stands for “Secondary
Metbolites Biosynthesis”.
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profile and the proteomics suggest an initial disruption of purine metabolism, possibly
due to a host response, followed by active synthesis and consumption of purine
sources at later stages.

The Fad-family proteins are known to be the key players in the metabolism of
saturated and unsaturated fatty acids and are indicative of modulation of bacterial
membrane fluidity in response to environmental stress*®2. While all Fab proteins
were downregulated in STM-D23580 and ST-Ty2, STM-LT2 exhibited an increased
abundance of FabB and FabG, responsible for the de novo synthesis of unsaturated
fatty acids via the fabA-fabB pathway?2?83 (Figure 5.16). This suggests variability in
the membrane composition between the invasive strains and the non-invasive strain,
verified by the markedly increased Raman TUFA/TFA ratio in STM-LT2 (Figure 5.8).

Several proteins that regulate properties of cell membrane differed during infection
in all Salmonella strains. For instance, RfpH and RfpG, involved in the biosynthesis
of the O-Antigen, were downregulated at later time points in all strains (Figure 5.16).
ManA, which is involved in the production of surface polysaccharide, was down-
regulated in both STM-D23580 and ST-Ty2. Some proteins related to cell structure
biosynthesis including MurC, MurE, DacA and DacC, responsible for peptidoglycan
biosynthesis, were also differentially expressed during infection with the invasive
Salmonella. These findings suggest a dynamic rearrangement of surface antigen
moieties directed by invasive Salmonella to resist the intracellular environment and

avoid recognition.

5.4 Conclusions

Typhoid fever and invasive non-typhoidal salmonellosis (iNTS) are caused by S.
Typhi and S. Typhimurium, respectively, but they share similar disease manifestations
in humans like high fever, hepatosplenomegaly and infrequent diarrhoea. Despite
these clinical similarities each serovar interacts differently with the human immune
system. In this work, we used SCRM to describe the different metabolic profiles of
the typhoidal S. typhi Ty2 and the non-typhoidal S. Typhimurium LT2 and D23580.

The fingerprint region of SCRS shows that the three strains are metabolically different.
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STM-D23580 has metabolic traits lying in between the non-typhoidal STM-LT2 and
the virulent ST-Ty2 and it shares features in common with the typhoidal strain relative
to the ability to achieve successful extraintestinal infection. A kNN machine learning
classification achieved an accuracy of 92.4% correctly identifying these closely related
strains based on their SCRS.

In order to survive and proliferate inside eukaryotic host cells, Salmonella and
other intracellular pathogens must adapt their metabolism to available nutrients and
to physical conditions. We used SCRM-DIP to characterise the metabolic activity of
different Salmonella during infection of human cell lines and primary monocyte-
derived dendritic cells and macrophages. The results unveil different metabolic
activities of bacteria in liquid culture and in an intracellular environment, due to
the adverse host environment. The slowest metabolism rate was found in the most
invasive ST-Ty2, as opposed to its fastest extracellular growth. With the non-invasive
STM-LT2 being the most active metabolizer, our results highlighted a possible strategy
adopted by the invasive salmonellae to slow down central metabolism, hide from host
surveillance and allow for further dissemination. A quantitative proteomic analysis of
proteins related to bioenergetic functions confirmed the SCRM-DIP results, with most
of the energy pathways being upregulated in STM-LT2 and downregulated in ST-Ty2.

Salmonella in vivo survival requires de novo synthesis of biocomponents such
as proteins, carbohydrates, lipids and nucleic acids. A dynamic Raman profile of
Salmonellainside host cells unveils the metabolic adaptations of these biocomponents
during their intracellular life as well as the differences among three strains. The results
suggest that the invasive Salmonella might switch off the glycolytic pathways and uses
fatty acids as carbon sources instead. We also note a possible role of amino acids and
purine nucleotides in contributing to different virulence phenotypes of Salmonella,
which was further confirmed in the proteomic analysis. In addition, variations in
subpopulations and diverse adaptations between in cell lines and in primary human
cells were observed, suggesting the importance of choosing single-cell tools and correct

cell culture models in the study of intracellular Salmonella.
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In summary, we have demonstrated that single-cell SCRM-DIP technologies are
capable of revealing metabolic changes, highlighting molecular heterogeneity and
cell-to-cell variations among invasive Salmonella serovars. The dynamic Raman
profiles offered sufficient information at the single-cell level, to unveil metabolic
adaptations undertaken by Salmonella when transitioning from extracellular space to
an intracellular compartment. Through comprehensive profiling and comparison of
three different Salmonella pathovars, this study sheds light into bacterial metabolic
traits and adaptations inside human host cells, which might contribute to the distinct
pathogenicity of Salmonella. As several aspects of metabolism can influence antimi-
crobial susceptibility and tolerance, a better understanding of the Salmonella-host

metabolic landscape might open new perspectives for antimicrobial development.
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In Chapters 3, 4 and 5, three applications of SCRM in investigating bacterial
phenotypes are presented. In this Chapter, I aim to summarise and standardise the
analytical pipeline of SCRS developed over the course of my DPhil study. By following
this pipeline, I intend to enable a typical Raman analysis to be performed by a non-
specialist user to achieve robust and high-quality visualisation, feature reduction and

classification in a range of biological applications.

6.1 Introduction

Although the Raman scattering effect was first discovered in the 1920s, it has been
traditionally applied in analytical chemistry. SCRM is still a novel tool yet to be fully
validated in biological research laboratories. As a consequence, most of the data
handling is done semi-manually, using programmes that come with the spectrometer
manufacturer and with transfer of data between different software. This process is

further complicated by the larger number of possible avenues for data analysis.
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Figure 6.1: Raman analysis pipeline.

In this Chapter, I have rationalised a pipeline of Raman data analysis for biological
subjects and developed a programming code in R language to automate execution of
the pipeline. Immediately after spectra acquisition, this pipeline can be performed
by running a single R script, attached in the Appendix B. The Raman analysis pipeline
follows the flowchart in Figure 6.1, starting from raw-data tidying through to data
preprocessing, and continuing on to various techniques of data analysis. It aims to
fulfil both descriptive and predictive purposes in various biological research contexts.
This pipeline will serve as a useful guide for Raman spectroscopic analysis in bio-
logical sciences. By implementing the established protocols, Raman analysis can be

performed in a simple and rapid manner.

6.2 Data tidying and data preprocessing

For the purpose of illustrating the Raman analysis pipeline in this Chapter, a large
number of spectra are obtained by measuring three developmental stages of stem
cells, namely iPSCs (human induced pluripotent stem cells), NSCs (neural stem cells),
and neurons. The stem-cell dataset that consists of 8774 SCRS (3316 iPSC, 2342 NSC
and 3116 neuron spectra) will be used as an example to implement the R code and
validate the Raman pipeline.

Immediately after acquiring the spectra, data tidying should be conducted to allow

further processing and analysis as in the following steps:

1. Import the data into R
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2. Inspect and screen the data of spectra for anomalies or poor qualities

3. Transform the dataset into appropriate forms for further processing
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Figure 6.2: Data tidying process immediately after acquisition of Raman spectra.
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The above steps are described in Figure 6.2 and exercised on the stem-cell dataset
by using the code in Appendix B.1. After measurement with a Raman spectrometer, a
list of files containing individual spectra can be exported into the computer. They are
then imported into an R environment (such as RStudio). The data are visually inspected
for quality, and spectra with high noise or fluorescence are screened out. Finally, the
inspected dataset is transformed into an R-operable numeric matrix containing all
spectral information. It should be noted that in biological contexts, one may sometimes
desire to select a specific range of wavenumbers such as the fingerprint region from
300 - 1800 cm™! that confers most of the biological information. This step is carried
out in the stem-cell dataset to focus on the fingerprint region of the stem-cell spectra

as well as to reduce dimensionality and complexity of the data for further analysis.
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After tidying the raw data, data preprocessing steps should be followed. The
selection of prep-processing steps and the order in which they are performed has been
shown to have a profound impact on the results of the spectral analysis®’. Therefore, I
recommend that a uniform approach should be applied to all data for reproducibility
and robustness. The recommended preprocessing steps are as follows and are executed

by the R code in Appendix B.2:

4. Conduct a noise-reduction technique to account for poor SNR

5. Choose and apply a baseline-correction algorithm to account for fluorescence

interference

6. Perform a spectral normalisation to account for sample variations

Noise reduction

Raman spectra are sometimes prone to noise and may require noise-reducing
techniques to improve the signal-to-noise ratio (SNR). Mathematical methods include
Savitzky-Golay smoothing®®*, wavelet de-nosing®! and principal component analysis
(PCA)Y". However, poorly practised smoothing can significantly reduce spectral reso-
lution as well as biochemical features. The preferred approach to adjusting spectral
quality is always to alter instrumental settings, such as by using higher laser power and
longer acquisition time. Therefore, this step should only be performed if absolutely
necessary. In the stem-cell dataset, noise reduction is not applied.

Baseline correction

Raman signals can be easily corrupted by a fluorescent sample background, as
well as thermal fluctuations of the CCD, both of which markedly affect the spectral
baseline. Therefore, the first essential step of data prep-processing is always to per-
form a baseline-correction algorithm to suppress the spectral background. Various
mathematical methods are available for correcting spectral baselines, including least

285

squares-®°, wavelet transform?8

6 median filter?8”

, polynomial fitting (one of the most
common forms of baseline correction due to its simplicity and convenience of its

many different variants?%®) and rolling ball?.
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Figure 6.3: Comparison of an original spectrum and the baseline-corrected spectrum with the
use of (A) modified polynomial fitting (degree = 4), (B) asymmetric least squares (A = 7) and (C)
rolling ball (wm =200, ws = 100). Two badly corrected examples are given in (D) using modified
polynomial fitting (degree = 20) and (E) using asymmetric least squares (A = 1).

It is down to the preferences of individual researcher to choose baseline-correcting
algorithms. Each algorithm will require careful tuning of parameters, which conse-
quently decides the outcomes of the corrected spectra. In the stem-cell dataset, I have
applied and tuned three baseline-correcting algorithms: modified polynomial fitting,
asymmetric least squares, and rolling ball using the code described in Appendix B.2.1.
In Figure 6.3A-C, one spectrum with a high fluorescence background is compared with
its baseline-corrected version using each of the three algorithms. With careful tuning,
all algorithms achieve good baseline-correction results.
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Modified polynomial fitting was introduced by Lieber and Mahadevan-Jansen

to make an iterative polynomial curve-fitting that assigns a nth degree polynomial to
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the spectra. Three parameters can be adjusted and they are tuned in the example as
the degree of the polynomial function (degree = 4), tolerance of difference between
iterations (tol = 0.0001), and maximum number of iterations (rep = 100).

Asymmetric least squares is described by Eilers and Boelens®®°. It uses an iterative
least-squares algorithm applying smoothing by adding a 2nd-derivative constraint
and asymmetrically weighting residuals from previous iterations. Two parameters are
tuned: 2nd-derivative constraint as the amount of smoothing (A = 7) and weighting
of positive residuals from previous iterations (p = 0.05).

The rolling ball algorithm is introduced by Kneen and Annegarn in 199628, Origi-
nally proposed for fitting X-ray spectra backgrounds, this algorithm imagines a large
ball rolling underneath a spectrum where the trace of the topmost point of the ball
fits the spectral baseline. Two parameters are adjusted for fitting this algorithm to
the dataset: width of local window for minimisation/maximisation (wm = 200) and

width of local window for smoothing (ws = 100).
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Figure 6.4: The original spectra (A) are baseline-corrected (B).

Care should always be taken with all baseline-subtraction routines as they can
introduce unintended artefacts. Figures 6.3D and F present two examples of bad
practices of modified polynomial fitting (degree = 20) and the asymmetric least squares
algorithm (A = 3). The applied algorithms with unsuitable parameters distort the
spectrum and degrade the spectral features. Therefore, cautious tuning and application

of any baseline-correction algorithm are suggested at all times.
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After tuning and deciding on one baseline-correction method, the chosen method
can be applied to the whole Raman dataset. Figure 6.4 shows the transformation of the
original spectra (A) in the stem-cell dataset into the baseline-corrected spectra (B).

Normalisation

After baseline correction, the spectra will require normalisation to account for any
sample and experimental variances, such as varying concentrations of analyte across
the sample, and the thickness of the sample. In biological studies, leaving spectra
non-normalised for further analysis will highlight spectral differences based primarily
on Raman intensity, whereas normalisation will reveal biochemical differences from
cell to cell and group to group. To minimise experimental variances, all spectra should
be scaled according to a specific criterion.

Normalisation to a particular peak (e.g. Amide I or Amide II peak) is applied in
some Raman and IR studies®”?%!. However, I do not recommend using this method in
biological studies as the content of one specific group of biomolecules (e.g. proteins
that are representative of the Amide peaks) can vary significantly in cells with different

physiologies and metabolic states.
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Figure 6.5: The original spectra (A) are baseline-corrected (B) and then normalised (C).

Area normalisation (L;-norm) and vector normalisation (L,-norm) are two popular
methods that can be applied to spectra?®?. In the stem-cell study in this Chapter
and all studies in other Chapters, area normalisation is carried out as part of the
data prep-processing using the R code described in Appendix B.2.2. Figure 6.5C

shows the normalised spectra after baseline correction and normalisation. With area
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normalisation, the sum of all intensity values is uniform in each spectrum. It is useful in
single-cell studies as it assumes equal cellular content in all spectra, therefore, allowing

comparison of intracellular biomolecules across different cells or groups.

6.3 Data analysis

Data analysis with various mathematical and statistical methods is necessary to
efficiently access spectral data, describing the underlying biological properties and
relationships, and predicting the target features and behaviours. The purpose of
analysing a complicated Raman dataset varies greatly from study to study. This section
divides the analytical techniques into three purposes that fit into most biological
investigations: visualisation, classification and feature extraction. For biological
analysis, the combination of different techniques is advisable in order to scrutinise

a complex biological system phenotyped by a Raman spectrum.

6.3.1 Data visualisation

"The simple graph has brought more information to the data analyst’s
mind than any other device." = —John Tukey

Data visualisation is important. It is an important aspect of visual communication
in many disciplines, including biosciences. Due to the way the human brain processes
information, graphical forms convey messages more clearly and effectively than
spreadsheets of words and values. In the numeric matrix that we created in the last
section, patterns, trends, correlations and differences are implicit and undetectable by
a human. Data visualisation can reveal those features by placing it in a visual context.

Data visualisation is especially important in Raman analysis due to the high di-
mensionality (hundreds and thousands of wavenumbers) of a Raman dataset. A
human’s ability to visualise is limited to two or three dimensions. Therefore, different
visualisation approaches and/or dimension-reducing techniques are explored in this
section and performed by executing the code in Appendix B.3.1.

Averaged-spectra visualisation
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The most intuitive way to visualise one spectrum is to treat it as a dataset with two
variables: wavelength and intensity. In such a way, one can visualise a spectrum in a
two-dimensional plot. With an increasing number of spectra, it becomes impossible
to plot all of them in one graph. One common approach to visualising a large number
of spectra is averaging them according to different subgroups. In this stem-cell dataset,
all spectra in the group "iPSC", "NSC" or "Neuron" are averaged and plotted (Figure
6.6A). Often, spectra from different groups are manually shifted along the intensity
axis to aid visualisation.

One drawback of averaging the spectra is the loss of single-cell information. To
compensate for this drawback, I suggest a small modification to the spectra-plotting
routine. The standard deviation from the single-cell population can be plotted as
shades around the averaged spectrum (Figure 6.6B). Variations at one single Raman
band among the population can now be visualised and spotted. The code for plotting
the averaged spectra and the averaged spectra with standard deviation is included
in the Appendix.

Multivariate visualisation

Another less intuitive but more informative way to look at a spectral dataset is
to treat it as a multi-dimensional dataset, in which each wavenumber represents
a discrete variable. By analysing spectral data in this way, we are able to extract
a smaller number of variables that are more important out of a pool of original
wavenumber-variables.

Depending on the instrumental parameters, the number of wavenumber-variable
can range from hundreds to thousands. In this dataset, 1019 wavenumber-variables
are present in one complete spectrum and 443 wavenumber-variables are present in
the fingerprint region of one spectrum. Our ability to visualise is limited to two or
three dimensions. Multivariate, dimension-reducing techniques are essential when
reconstructing data into a dataset with a smaller number of variables and visualising
data in a two-dimensional graph.

Multivariate visualisation - PCA
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Figure 6.6: Data visualisation by (A) averaged spectra, (B) averaged spectra with standard
deviation, (C) PCA, (D) LDA and (E) t-SNE.
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Principal component analysis (PCA) is often the first analysis performed by Raman
researchers on a new spectral dataset”!. It is an unsupervised dimension-reducing
technique that linearly transforms the original variables to new variables as principal
components (PCs) and each PC is a linear combination of the original wavenumbers.
This new coordinate system is better at conveying information present in the data
compared with the original measurement variables, as it filters background noise
and retains only the most important features. In addition, Raman statistical models
suffer from high correlation between covariates (wavenumbers that are correlated with
each other), and techniques like PCA can be used to produce linear combinations

of variables that are uncorrelated with each other.

PCA in Chapter 3 PCA in Chapter 5
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Figure 6.7: Examples of PCA plots from Chapter 3 and Chapter 5.

Often, in relatively homogeneous biological populations with little difference
within the same group and large differences among different groups, PCA of the Raman
dataset is sufficient to create a visualisation with well-separated clusters; for example,
the PCA plots illustrated in Chapter 3 and Chapter 5 (Figure 6.7).

However, PCA-aided visualisation can sometimes achieve poor results. In Figure
6.6C, the PCA plot based on PC1 and PC2 of the stem-cell dataset reveals overlapping
populations rather than distinct clusters. The limitation of PCA on this particular

dataset can be explained by two key factors (Figure 6.8):
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Figure 6.8: (A) Scree plot showing the percentage of the variances explained by each PC. (B)
The contribution of each variable to PC1 and PC2.

1. A few PCs that are reconstructed by PCA cannot explain most of the variation
in the data. A scree plot should always be plotted to check the variances of the
data explained by each PC. In this analysis, each of the PCs from PC1 to PC5 only
explains 16.7% , 9.7%, 7.2%, 6.0% and 5.4% of the variances, respectively (Figure

6.8A). More than 200 PCs are used to explain 80% of the variances in this case.

2. A small subgroup of outliers exists, as indicated by the grey circle in Figure 6.6C.
A plot of the contribution of each variable to any PC can be plotted to investigate
the outlying variable (Figure 6.8B). It shows extremely noisy variables at around
1003 cm™! that are responsible for the outliers in the grey circle. If the data is
noisy, PCA will suggest that the noisiest variables are the most significant ones

because they account for most of the variation.

Multivariate visualisation - LDA

These limitations of PCA are also challenges that can be encountered during
the investigation of "real-world samples" where profound heterogeneity, variation,
and noise exists. When PCA fails to aid visualisation, we shall seek help from other
dimension-reducing techniques. Linear discriminant analysis (LDA) is another linear-
transformation technique that is often used by spectroscopists”. Unlike the unsu-
pervised PCA, LDA is a supervised approach (i.e. classes are taken into account prior
to the analysis). The purpose of LDA in the stem-cell dataset is to find the linear

combinations of the original variables (the Raman wavenumbers) that give the best
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possible separation between three groups (iPSC, NSC and Neuron). The resulting LDA
plot is shown in Figure 6.6D. Compared to the PCA plot in Figure 6.6C, it displays more
distinctly isolated clusters of different groups. In addition, the first two LDs succeed in

explaining 100% of the variances in the data (77.6% by LD1 and 22.4% by LD2).
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Figure 6.9: Stacked histograms of the values of (A) the first discriminant function and (B) the
second discriminant function from the LDA of the Raman spectra in different groups.

Besides the scatter plot of individual data points, another effective way of vi-
sualising the results of an LDA is to make a stacked histogram of the values of the
discriminant function for the individual spectrum from different groups. In Figure
6.9A, the histogram of LD1 shows that the first discriminant function nicely separates
the iPSC group from the others. The histogram of LD2 in Figure 6.9B, on the other hand,
reveals differences between the spectra of iPSCs and NSCs and the spectra of neurons.

Despite a more satisfying visualisation result of LDA over PCA on the stem-cell
Raman dataset, one must bear in mind that PCA is unsupervised while LDA is a
supervised approach. As in any supervised method, LDA can overfit small datasets and
having the number of spectra at least five times bigger than the number of variables
can potentially avoid this problem as in this example where we have 443 variables
and 8774 Raman spectra.

Multivariate visualisation - t-SNE

t-distributed Stochastic Neighbor Embedding (t-SNE) is a more recent algorithm
for dimension reduction and visualisation developed by Laurens van der Maaten and
Geoffrey Hinton?%3. t-SNE is a non-linear technique. It is often compared with PCA

for embedding high-dimensional data in a low-dimensional space of two or three
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dimensions for visualisation and it has been shown to outperform PCA in many fields.
Nowadays, t-SNE is extensively applied in many fields such as image processing,
natural language processing, speech processing and bioinformatics such as genomics,
transcriptomics and mass spectrometry imaging?%-2%°. However, its applications to
Raman studies are still limited and under-explored. Here, I introduce the potential for
applying the powerful t-SNE on a biological Raman dataset for visualisation.

Unlike PCA or LDA, the preservation in t-SNE is non-linear: it minimises the
Kullback-Leibler divergence between two distributions. The first distribution measures
pairwise attraction of individual data points in the high-dimensional space, and the
second heavy-tailed Student’s t-distribution that measures pairwise attraction of data
points in the low-dimensional embedding space. The most important parameter to
tune in t-SNE is perplexity. Perplexity governs how many of its nearest neighbours
each point is effectively attracted to. Here in this example, the perplexity is set equal
to 100 and the resulting visualisation is shown in Figure 6.6E.

Visualisation based on t-SNE with multiple perplexity values is also performed,
from perplexity = 5 to perplexity = 500, and compared with visualisation based on
PCA (Figure 6.10). Overall, all t-SNE visualisation demonstrates much improvement
with clearly separable clusters over PCA visualisation. In this dataset, it is observed
that higher perplexity value leads to a more preserved local structure where compact
clusters with a small number of data points exist; and with lower perplexity, a more
global structure is preserved where there is more sparseness between data points
and between clusters. The visualisation with a perplexity value of 50 or 100 is slightly
better in terms of the separation between each cluster as well as the preservation
of the global structure.

In all t-SNE figures, the iPSC cluster is well separated while individuals from the
other two groups entangle and overlap with each other. Biologically, iPSCs are the most
homogeneous population before any induced proliferation or development; therefore,
Raman spectra of iPSCs are of least variances and form distinct clusters. NSCs and
neurons, on the other hand, are two developmental stages of the stem cells and are

often mixed because each individual cell proliferates and develops into a neuron at a
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Figure 6.10: Visualisation results of PCA and t-SNE with a perplexity value of 5, 10, 30, 50, 100
or 500.
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different speed. Therefore, sub-clusters exist in each of the two groups and overlapping
of the two clusters is observed. Compared to t-SNE, neither PCA nor LDA shows visual
results that preserve these biological features of the cells.

In contrast to supervised learning methods, PCA and t-SNE are unbiased, un-
supervised approaches. Compared with a standard PCA that is extensively used in
current Raman studies, t-SNE produces a two-dimensional visualisation with more
distinctly isolated clusters, shows high tolerance towards outliers that are common in
real-world samples, and preserves a better global structure of the data. Therefore, I
recommend the use of t-SNE in a standard data analysis pipeline to aid visualisation
of a multi-dimensional dataset of Raman spectra.

Because t-SNE maps the multi-dimensional data to a lower dimensional space
non-linearly, the limitation of t-SNE is that the input features are no longer identifiable.
Thus one cannot make any inference based only on the output of t-SNE, meaning that
it is essentially mainly a data exploration and visualisation technique. However, t-SNE
can be used prior to the process of classification and clustering by using its output

as the input feature for other classification algorithms.

6.3.2 Classification

After data visualisation that shows a promising distinction between different groups,
classification based on samples’ spectra is often desirable for diagnostic and practical
purposes. For example, the use of stem cells in clinical therapy has been hindered
partly because there is not yet a standardised technique to characterise and classify
the developmental stages of cells. If a Raman spectrum of a cell can point to a specific
proliferation stage (iPSC, NSC, or neuron), it will be of remarkable benefit to the quality
control process of stem-cell transplants.

Supervised classification depends on machine-learning algorithms, known as
classifiers, that are able to understand and learn patterns from complex data. When
encountering new data, the classifier will associate the patterns with the data and
try to assign a diagnosis. This approach can be applied to Raman spectroscopic

studies; the pipeline of using machine-learning models to classify samples based on
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their Raman spectra is shown in Figure 6.11, and is performed by executing the R

code in Appendix B.3.2.
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Figure 6.11: The pipeline of machine-learning classification using Raman spectra.

..

Data splitting

As in any machine-learning classification practice, it is important to avoid bias. A
model will most certainly perform better when it is tested by spectra that were used
when creating the model. The true performance of the model should be evaluated with
spectra from an independent batch of samples. Therefore, data splitting should be the
first step in the process of classification to divide the data into the "training set" and the
"test set". Both the training set and the test set should be created by random sampling
and should preserve the overall class distribution of the data. An advisable split would
be 80/20% so that 80% of the spectra constitute the training set (7020 spectra in this
example) and 20% of the spectra go to the test set (1754 spectra in this example).

Model training with the training set

In the training set, each spectrum has a user-defined class label (in this example it
will be "iPSC", "NSC" or "Neuron"). The training set is then used for model training

and parameter tuning. The process involves:

1. Choose a specific classifier/algorithm that is to be used to create the model.

2. Define a set of parameters to evaluate in the model. For example, if fitting a
k-Nearest Neighbour (kNN) model, the range of the value of k (number of nearest

neighbour) should be defined.
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3. Specify the type of resampling. During model training, the training set is divided
into subsets of data to cross-validate the model for best parameters and best
performance. A k-fold cross-validation is a common approach. For a smaller

dataset, leave-one-out cross-validation can also be implemented.

4. For each parameter set and each resampling iteration, the model holds out
specific samples controlled by k-fold cross-validation, fits the algorithm on the

remainder and finally predicts the hold-out samples.
5. Calculate the average performance across hold-out predictions.
6. Determine the optimal parameter set.

7. Fit the final model to all data in the training set using the optimal parameter set.

A B

k-Nearest Neighbors
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443 predictor g 0.800 — B
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No pre-processing (>‘i 0.795 4 B
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The final value used for the model was k = 90.

Figure 6.12: An example of model building and parameter tuning process using kNN.

An example of the results of the model-building and parameter-tuning process

is shown in Figure 6.12, following the steps:

1. The classifier chosen to create the model is k-Nearest Neighbour (kNN), in which

the class of one sample is decided by its k number of nearest neighbours.

2. The parameter to tune in kNN is the value of k which is set to be 5, 10, 20, 30, 40,
50, 60, 70, 80, 90 and 100.
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3. The traning set is resampled into 10 subsets for 10-fold cross-validation and this

process is repeated 5 times.

4. For each k and each resampling iteration, the model holds out 1 subset and
fits the algorithm on the remaining 9 subsets and finally predicts the hold-out

samples.
5. The average accuracy across hold-out predictions is calculated for each k.
6. The best accuracy is found when k = 90.

7. The final model achieves an accuracy of 80.0% when it is fit to all data in the

training set.
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Figure 6.13: An example of the results of the model building and parameter tuning process
using GBM.

Some aspects of the parameter-tuning process are worthy of note. Usually, finding
an optimal set of parameter values for a learning algorithm is a time-consuming task.
Grid search is the parameter-tuning method of choice in this thesis. In grid search, the
user defines a set of candidate values to explore (in the same way as in the kNN model

training above) and the algorithm will exhaustively try every possible combination
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of the values of individual parameters. Grid search is usually a good choice when
there are a small number of parameters to optimise. The main problem is that grid
search is an exponential time algorithm - the time cost grows exponentially with the
number of parameters. In the KNN model above with 1 parameter and 11 grid values,
the algorithm runs in O(11) time considering O(1) time for each of the values. Turning
to another model that has been trained using a stochastic gradient boosting machine
(GBM) where 2 parameters are tuned; 3 max tree depths and 11 number of boosting
iterations (Figure 6.13). This model runs in O(33) time. The complexity increases
exponentially with more parameter choices. When there are p parameters and each
one takes at most v values, the model runs in O(vP) time. In this situation, one can try
to run the model multiple times with different grids. For example, in the GBM model,
if we set the first grid of boosting iterations as [1000, 2000, 3000] and the best models
return with the value of 3000, we should try to refine our grid values by zooming in
around 3000. To do this, we set up a new grid search and redefine the number of
boosting iterations as [2500, 2750, 3000, 3250, 3500]. In this case, a good combination
of parameters is found in O(24) time instead of O(33) time in the one grid-search.

Using the above model training, parameter tuning and cross-validation approach,
various models are trained based on the training set of the Raman spectral data, all of
which have been introduced in Chapter 2, Section 2.3.4. Eight models are created using
k-Nearest Neighbour (kNN), Linear Discriminant Classifier (LDC), Partial Least Squares
(PLS), Random Forest (RF), stochastic Gradient Boosting Machine (GBM), eXtreme
Gradient Boosting (XGB), Support Vector Machine with linear kernel (SVM-linear) and
Support Vector Machine with Radial Basis Function kernel (SVM-RBF). In Table 6.1, 8
models are described and the optimal parameters after the tuning process are listed.
The training speed of each model is also compared.

The simple kNN model behaves poorest among all models with an accuracy of
80.0%. Two linear classifiers, LDC and PLS, have good accuracy of 90.1% and 90.6%
respectively, while outperforming all others in terms of training speed. RE GBM and
XGB are three ensemble techniques that, although shown to have better predictive

power than a single Decision Tree classifier, suffer from the lengthy training process.
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Table 6.1: Models trained in this Chapter

145

Classifier Optimal Accuracy on Training
Parameters training set speed
kNN k-Nearest Neighbour k=280 80.0% Fast
LDC Linear Discriminant Dimension = 2 90.1% Very fast
Classifier
PLS Partial Least Squares ncomp =11 90.6% Very fast
mtry = 443
RF Random Forest split.rule = extratrees  87.4% Slow
min.node.size = 1
n.trees = 3000
GBM Stochastic Gradient 1ntera§t10n.depth =9 92.4% Very slow
Boosting Machine shrinkage = 0.1
n.minobsinnode = 10
nrounds = 150
max.depth =3
eta=0.4
gamma=20
XGB eXtreme Gradient subsample =1 90.6% Very slow
Boosting colsample.bytree = 0.8
rate.drop = 0.01
skip.drop = 0.95
min.child.weight =1
SVM- Support Vector cost=0.25 88.4% Moderate
linear Machine with linear
kernel
SVM- Support Vector slema = g E)Oll 603621 92.6% Moderate
RBF Machine with Radial B

Basis Function kernel

These models achieve an accuracy of 87.4%, 92.4% and 90.6%, respectively, on the

training set of the stem-cell dataset. In cases of the SVMs, although a linear SVM

(88.4%) does not perform as well as the linear classifiers and two of the ensemble

models, an SVM with an RBF kernel exhibits the best predictive performance with an

accuracy of 92.6% on the training set. The SVM-RBF model also has the additional

merit of moderate time cost, compared with the extensive time spent for training a

GBM that has a similar performance score.

This result agrees with a lot of Raman studies that utilise SVMs to build classification

models in biological studies including identification of bacteria, classification of
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proteins and nucleic acids and disease diagnosis’?82104113,116300-303 ' Dye to their

good performance and the relatively easy training process, I suggest that SVMs can
serve as good candidates when building a machine learning model based on samples’
Raman spectra.

Model predictions with the test set

After training a model with optical parameter sets, the true performance of the
model should be tested on an independent dataset - the test set. The test set will be
input into the model and the model will assign a class estimation to each spectrum
in the test set. The model performance will then be evaluated by comparing the
estimated class to the actual class of one spectrum.

The performance of the eight models created above is evaluated individually and
summarised in Figure 6.14. In each model, the predictions of the classes of 1754 Raman
spectra are compared with their true classes. The overall accuracy and the accuracy

per class (iPSC, NSC or Neuron) are calculated for each model.
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KNN LDC PLS RF eBM | xeB | SVM- | SVM-

linear RBF
mOveral 80.3% | 89.1% | 90.4% | 87.8% | 92.6% | 90.3% | 87.2% | 91.9%
WiPSC  79.6% | 94.1% | 96.7% | 98.2% | 97.9% | 964% | 91.9% | 98.9%
ANSC  765% | 78.9% | 793% | 77.8% | 87.2% | 838% | 81.6% | 84.4%

uNeuron 83.8% 91.5% 92.0% 84.3% 91.0% 88.8% 86.4% 90.1%

Figure 6.14: Performance of 8 models on stem-cell dataset.

Let us turn first of all to the overall accuracy obtained by each model. Upon predict-
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ing the classes of the test set, GBM and SVM-RBF remain the best performers, achieving
an accuracy of 92.6% and 91.9%, respectively. All models achieve a similar accuracy
score on the test set compared to that on the training set. This illustrates that all
models adequately capture the underlying structure of the data without corresponding
too exactly to the training set, in another word, overfitting. Overfitting can often be
problematic, especially when dealing with a Raman dataset with a large number of
parameters and a small number of samples. It can be checked by comparing the
performance of the model on the training set against the performance on the test
set. An overfitted model has optimal performance on a previously seen training set
and its suitability drops considerably when dealing with an independent dataset. The
challenge of overfitting a machine model is overcome in this case by using a Raman
dataset with a much larger number of observations (8774) compared to the number
of wavenumber-variables (449).

All models achieve the best performance when predicting spectra from the iPSC
group (except for kNN) and the worst when dealing with spectra in the Neuron group.
The greatest difference is seen in RF where an accuracy of 98.2% is achieved for the
iPSCs but only 84.3% of the Neuron spectra are correctly predicted. This result is
compatible with the visualisation results using t-SNE (Figure 6.10) and the biological
stem that the NSC are the developmental stage between iPSC and neuron.

Model stacking

After understanding and building single classification models based on Raman
spectra,  would like to introduce a new concept in Raman machine learning: stacking.
Stacking is an ensemble technique to build a model that combines multiple models
(typically of differing types) and a supervisor model that learns how to best combine
the predictions of the primary models. Rather than using a single classifier, which is
common in Raman practices, the stacked model will usually perform better than the
primary models due to its ability to highlight each base model where it performs best
and discredit each base model where it performs poorly. For this reason, stacking is
most effective when the primary models are significantly different. We have recently

published a paper which implements stacking classification to successfully identify
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aneuploid or euploid embryos by Raman spectra of embryo culture medium with
an accuracy of 95.9%3%4,

Here, we try to build a stacked model based on the eight models created in the last
section. Before stacking, the correlations between models should be examined. It is
desirable that the predictions made by the eight primary models have low correlations
(< 0.75). This would suggest that the models are effective but in different ways, allowing
the stacking classifier to get the best from each model for an improved score. Otherwise,
with highly correlated predictions (>0.75) among models, primary models would be
making the same or very similar predictions most of the time, thus reducing the
benefit of stacking multiple models.

The correlation between models is investigated by resampling the predictions
by 50 subsets, and correlation scatter plots are made according to the resampling
accuracies in Figure 6.15. As we can see from the plots, each model has a tight
resampling profile (similar accuracies) and each two of the models are relatively
uncorrelated (a high correlation would be indicated by a linear regression line through
the dashed line). The models’ correlations are then confirmed in Table 6.2. We can
see that all pairs of predictions have generally low correlation. The two algorithms
with the highest correlations between their predictions are kNN and SVM-linear at a
correlation coefficient of 0.180 which is still considerably low, given a high correlation

is considered to be > 0.75.

Table 6.2: Resampling correlations of the models trained in this Chapter

KNN LDC PLS RF GBM XGB  SVMlin SVMRBF

KNN 1 -0.053 -0.030 -0.008 0.167 0.138 0.180 0.005
LDC -0.053 1 0.029 -0.060 -0.232  0.163 -0.066  0.026
PLS -0.030  0.029 1 -0.235 -0.040  0.053 -0.109  -0.115
RF -0.008  -0.060 -0.235 1 0.274  -0.127 -0.118  0.133
GBM 0.167  -0.232 -0.040 0.274 1 0.015 -0.125  -0.088
XGB 0.138 0.164 0.053 -0.127  0.015 1 0.142 -0.210
SVMlin 0.180 -0.066 -0.109 -0.118 -0.125  0.142 1 -0.172

SVMRBF 0.005 0.026 -0.115 0.133 -0.088 -0.210 -0.172 1
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Figure 6.15: Accuracy scatter plots of 50 resampled predictions between pairs of the eight
primary models.

After confirming the low correlations between the pairs of the primary models,
we initiate the stacking progress. The main strategy is to use the predictions of the
base models as input features for the stacked model. Another algorithm should be
chosen to discern where each model performs well and where each model performs
poorly. Here, GBM is used to train the stacked model. The same resampling and
cross-validation profile are performed and the final parameters selected are n.trees
=50, interaction.depth = 3, shrinkage = 0.1, and n.minobsinnode = 10.

As we can see in Figure 6.16, the stacked model achieves an accuracy of 95.3%,
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exceeding all primary classifiers which have an averaged accuracy of 88.7% and a best
accuracy (SVM-RBF) of 91.9%. A significant improvement is also seen in terms of class
differentiation. In the class of NSC that has been poorly predicted by the primary
models, the percentage of correctly predicted NSC spectra increases from an average

of 81.2% to 92.1% in the stacked model.
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Figure 6.16: Performance of eight models and the stacked model on stem-cell dataset.

Most of the errors from a model’s learning are from three main factors: variance,
noise, and bias. By using stacking methods, the stability of the model can be signifi-
cantly improved by reducing errors. By combining many models, stacking is able to
group weak learners together to form one strong learner and, as shown in this stem-
cell case, improve model performance significantly. By employing many powerful
machine-learning techniques and constantly building and combining the databases, it
is possible to further improve the predictive power of classification models on Raman

spectra that have very complex information and often minute differences.
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6.3.3 Feature Extraction

Multivariate analysis allows visualisation of the high-dimensional Raman data and
classification algorithms to aid diagnostic practice in real-world approaches. However,
in order to understand the underlying biochemistry of a biological system, feature
extraction is essential to extrapolate the most important wavenumbers from a larger
number of features and render them with biological meanings. The procedures for
feature extraction in Raman analysis are summarised in Figure 6.17 and implemented

by the code in Appendix B.3.3.

Multivariate analysis
|

[ U
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Feature Biomarker Biomarker _
identification Rlaitiestoy

Figure 6.17: Feature extraction during the Raman analysis pipeline.
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The biomarker extraction stage is responsible for producing a smaller number
of wavenumber-variables that are more informative than the original whole set of
variables. Luckily, it can be simply done after the visualisation and classification, as
described in the last two sections. The algorithms used in visualisation and classifica-
tion, such as PCA, LDA, kNN and SVM, provide a means to identify the most important
wavenumbers identified in the modelling process.

During the visualisation stage, both PCA and LDA reconstruct the original variables
in a low-dimensional feature space where the new coordinates (PCs and LDs) are
linear combinations of the original wavenumbers that are called "factors". The "factor
loadings" are correlations between the original variables and the factors, and are the

key to understanding the underlying nature of a particular factor. For both PCA and
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LDA, a "loading plot" can be plotted to connect the original wavenumbers to their

contributions to the PCs in PCA or LDs in LDA.
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Figure 6.18: LDA loading plots showing the contribution of Raman wavenumber to (A) the first
discriminant function LD1 and (B) the second discriminant function LD2. The wavenumbers
with high contribution are labelled.

In some cases where PCA visualisation gives well separated clusters, PCA loading
plots can be generated, such as shown in Figure 3.3 in Chapter 3 and Figure 5.2 in
Chapter 5. In this stem-cell dataset, LDA produces better visualisation results com-
pared to PCA (Figure 6.10), therefore LDA loading plots are obtained for the first and
the second discriminant functions (LD1 and LD2). In Figure 6.18, the wavenumbers
that have a relatively high contribution in LD1 and LD2 are labelled.

It should be noted that the t-SNE technique in the visualisation stage is not a
feature-extraction technique as are PCA and LDA. Due to its non-linear transformation

of variables, biological meanings cannot be extrapolated from the t-SNE results.
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Figure 6.19: Variable importance extracted from the SVM-RBF model, showing top 50
wavenumbers responsible for classification of iPSC.

Biomarker extraction is also possible from the classification models in a similar
fashion. Figure 6.19 is an example of displaying variable importance that is calculated
by the SVM-RBF model, which achieves the best performance of classification among
all models, especially when assigning the class of the iPSCs. The top 50 wavenumbers
with the highest importance in classifying iPSCs are presented, along with their im-
portance in classifying neurons and NSCs. As in the LDA loading plots, this allows
researchers to identify the biomarkers in a specific group or the differences between

different groups. Moreover, one can choose a different extraction route according to
the performance of different models on a specific group.

Biomarker identification
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After the extraction of specific wavenumbers, it is important to assign the identified
wavenumbers to biomolecules and relate back to their biological mechanisms of
action. This will require linking specific wavenumbers to their vibrational modes
and then to the biological molecules that are responsible for the vibrations. Dur-
ing my DPhil, I have collected and summarised tables of some most important Ra-
man assignments in biological studies, gathering from various reviews and research
papers*>46:48-52,126,140,176-179,240,262,305 The tables are shown below with wavenumbers,
vibrational assignments, biological assignments and some useful comments. They
are categorised into assignments of proteins (Table 6.3), lipids (Table 6.4), nucleic
acids (Table 6.5), carbohydrates (Table 6.6) and resonant molecules (Table 6.7). Major
Raman bands shifted in cells due to deuterium isotope substitution in Raman-DIP
are also summarised (Table 6.8).

With biological connections, we are now able to identify the individual Raman
bands as well as the biomarkers selected by multivariate analysis and machine learning
models. The wavenumbers identified in Figure 6.18 can now be assigned to their
biological identification (Figure 6.20).

Quantification

The number of molecules generating a band can be estimated by calculating the
area of that band above the baseline using integration. After identifying the individual
biomarkers, we are able to semi-quantify and compare the concentrations of specific
biomolecules by calculating the integrated area of the corresponding Raman band,
where absolute quantification may be achieved through a calibration curve using other
analytical techniques. It should be noted that the pre-processing step contributes
greatly to the quantification results, therefore a consistent and robust approach of
applying baseline correction and normalisation should be identified.

Instead of looking at an averaged value from the calculation as in other bulk
techniques, it is important to consider the whole single-cell population. A boxplot
is a standard way of displaying the distribution of data. The rectangle in a box plot
represents the second and third quartiles with a line inside representing the median.

The lower and upper quartiles are drawn as lines outside the box. Boxplots are used
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Figure 6.20: LDA loading plots showing the contribution of Raman wavenumber to (A) the first
discriminant function LD1 and (B) the second discriminant function LD2. The wavenumbers
with high contribution are identified.

to describe, quantify and compare one Raman band from all single-cell spectra in
Chapter 3 (Figure 3.4B, Figure 3.4D and Figure 3.7) and Chapter 5 (Figure 5.1C, Figure
5.5B and Figure 5.7-5.10).

For the stem-cell dataset, similar quantification is done on three of the biomark-
ers identified in the previous section. The intracellular concentration of glycogen,
phenylalanine and cytochrome can be semi-quantified by integrating the Raman
bands at 480, 1003 and 1125 cm™!. respectively. The quantification by Raman bands
does not reveal the absolute concentration of the analytes without corroborating by
calibration curves. Therefore, the results should be employed for comparison between
groups and the comparison should always be validated by a statistical test. As in
Figure 6.10A, the boxplot and a Welch’s t-test reveal a significantly higher glycogen

accumulation in cells of iPSC. Figure 6.10B shows significantly lower phenylalanine
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Figure 6.21: Quantification of (A) glycogen, (B) phenylalanine and (C) cytochrome c by
integrating relevant Raman bands.

content in the initial stage of stem-cell differentiation. Quantification of cytochrome c
in Figure 6.10C suggests a decreasing trend of the electron-transport molecule during
the differentiation of stem cells. By quantifying the Raman biomarkers and comparing
them between different groups, we are able to connect the spectroscopic studies with

their underlying biological stems.

6.4 Conclusion

A pipeline of Raman analysis has been established and validated. Immediately after
the spectral acquisition, data tidying and preprocessing can be performed, followed by
a variety of analytical tools for either exploratory or diagnostic, qualitative or quantita-
tive purposes. By following the established pipeline and executing the programming
script, Raman analysis can be performed in a simple and rapid manner. In the future,
more user-friendly software with the developed code can be used by bio-researchers
to automatically perform a number of analytical and statistical tasks. This will help
harmonise the Raman spectroscopic analysis and shift the work of researchers from

complicated and labour-intensive data analysis to scientific exploration.
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Table 6.3: Biological and vibrational assignments of Raman bands of Proteins.
Wavenumber/cm ™! Biological Vibrational Comments
Assignment assignment
510 S-S bridge S-S stretch Proteins with
sulphide bridges
620 Phenylalanine C-C twist
643 Tyrosine C-C twist
667 Cystine C-S stretch
855 Tyrosine (w) Ring breath
924-943 Proline, valine Skeletal C-C stretch a-helix
& protein
backbone
1000 Phenylalanine (s)  Phe symmetric ring Aromatic AA
breath
1030 Phenylalanine (w)  C-H in plane bend
1230-1300 Amide III 40% C-H stretch
30% N-H bend
1235-1240 Amide I1I Existin {-sheet
Absence in a-helix
) Aromatic AA
1340 Tryptophan C-H deformation Fermi doublet
1360 Tryptophan C-H deformation
1480-1580 Amide 1T 60% N-H bend
40% C-N stretch
1600-1690 Amide I 80% C=0 stretch
1660-1670 Amide I B-sheet
2890 Aliphatic AA C-H stretch Proteins main C-H
2850: lipids C-H
2930 Aliphatic AA C-H stretch 2930: proteins C-H
2970: DNA C-H
3060 Aromatic AA C-H stretch
3100 Amide B N-H stretch
3500 Amide A N-H stretch
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Table 6.4: Biological and vibrational assignments of Raman bands of lipids.
Wavenumber/cm ™! Biological Vibrational Comments
Assignment assignment
1060
1098
1120 Sat. FA v(C-Q) Saturated FA
Unsaturated FA;
1265 Unsat. FA 0(=C-H) Intensity increases
with double bonds
1295 FA 0(CHb>) Sharp in sat. FA
1440 FA 0(CH», CH3)
Sharp in UFA and fats;
1655 Unsat. FA v(C=C) Intensity increases
with double bonds
Ester group
1735 Fats W(C=0) e.g. cholesteryl
esters
e.g. polymer like
PHB
e.g. phospholipids
2850: lipids C-H
2850 Lipids v(C-H) 2930: protein C-H
2970: DNA C-H
3010 Unsat. Lipids v(=C-H)
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Table 6.5: Biological and vibrational assignments of Raman bands of nucleic acids.

Wavenumber/cm ™! Biological Vibrational Comments
Assignment assignment
617 Thymine Ring breath Pyrimidine bases
650 Guanine Ring breath Purine bases
670 DNA Thymine
Guanine
723 Adenine Ring breath Purine bases
740 Thymine Ring breath
Ring breath
*
785 DNA/RNA of C. T and U
790 Uracil Ring breath Pyrimidine bases
790 Cytosine Ring breath Pyrimidine bases
828 DNA/RNA O-P-O stretch Nucleic acid
backbone
1094* DNA/RNA Symmetric Nucleic acid
stretch of PO,
backbone
1235 Uracil
Cytosine
1275 DNA Guanine
Adenine
Thymine
1376 DNA Guanine
Adenine
Guanine
1490 DNA Adenine
Guanine
1578 DNA Adenine
(C=0);
1671 DNA Thymine
Guanine

Cytosine
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Table 6.6: Biological and vibrational assignments of Raman bands of carbohydrates.

Wavenumber/cm ™! Biological Vibrational Comments
Assignment assignment
N Glycogen; glycosidic bond;
484 polysaccharide v(C1-0-C4) straight chain
856 Glycogen; v(C1-0O-C4); glycosidic bond;
polysaccharide ring breath straight chain
Glycogen; glycosidic bond;
940 polysaccharide v(C1-0-C6) bridge chain
1050 Glycogen; C-O stretch
polysaccharide
1084 Glycogen; C-O stretch
polysaccharide
Glycogen; .
1130 polysaccharide C-Oring breath
407 . Glucose; . Skeletal mode
oligosaccharide
424 . Glucose; . Skeletal mode
oligosaccharide
518 . Glucose; . Skeletal mode
oligosaccharide
Glucose; . .
542 oligosaccharide Ring deformation
Glucose;
843 oligosaccharide v(€-0-C)
914 Glucose; Ring vibration

oligosaccharide
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Table 6.7: Biological and vibrational assignments of Raman bands of special molecules with
resonance effect under a 532-nm laser.

Wavenumber/cm ™! Biological Vibrational Comments

Assignment assignment

750 Cytochrome C vpyr breathing); Hem.e

v(CyCp) protein

1128 Cytochrome C v(CyN)

1312 Cytochrome C v(CyCp)

1585 Cytochrome C V(CoCin)asym

1003 P caroten.e; Ring breathing Qrange
carotenoid pigments
B carotene; ]

1156 carotenoid V-0
@ carotene, B

1515 carotenoid v(e=C)

Table 6.8: Biological and vibrational assignments of Raman band shifts related to Raman-DIP.

Wavenumber of unlabelled

Wavenumber of labelled

Biological and Vibrational

molecule/cm™! molecule/cm™! Assignment
989 Phe ring vibration;
1003 one of sit.es 1, .3, 5 l'abelled
976 Phe ring vibration;
two of sites 1, 3, 5 labelled
962 Phe ring vibration;
all of sites 1, 3, 5 labelled
2850 2140 C-H stretch for lipids
2930 2180 C-H stretch for proteins
2800-3030 2210 C-H stretch for DNA
2070-2300 2070-2300 C-H stretch for all

molecules




Summary and Outlook

The main aspect of this work is to apply SCRM and DIP to various biological
scenarios of bacterial metabolism and physiology. Some of the previously uncharted
areas have been explored and, during the process, a robust pipeline of singe-cell Raman
analysis has been developed and validated. The power of single-cell analysis in a het-
erogenous bacterial population in real-world scenarios has been specifically addressed.

In the first application, SCRM is applied to study bacteria in a symbiotic setting
with a plant host. SCRS of the symbiotic diazotroph R. leguminosarum bv. viciae suc-
cessfully differentiate different physiological states of bacteria despite being genetically
identical. This study also demonstrates that, for the first time, Raman microscopic mea-
surements are able to discriminate genetic mutants, including both single and double
mutants of carbon storage polymers. Furthermore, by analysing SCRS of a nitrogenase
mutant, it offers single-cell resolution which allows heterogeneity analysis of dual
phenotypes within an isogenic bacterial population. By creating metabolic profiles of
single mutant cells and quantifying intracellular levels of macromolecules, SCRM is
applicable to the study of complex carbon regulatory networks in the rhizosphere.

The ability of SCRM to perform a semi-quantitative analysis of several macro-
molecules within a single experiment is revealed in this study. It reveals a comprehen-
sive intrinsic chemical profile in single cells without prior knowledge. This can provide
novel insights into production of different metabolites and has the potential for making
new scientific discoveries of cell phenotypes. Compared with traditional analytical
techniques like chromatography, mass spectrometry and quantitative spectroscopy,
SCRM is still new in biological sciences and requires validation and standardisation
through the efforts of all Raman scientists. For example, more accurate quantification

of biomolecules through SCRS can be achieved if used in conjunction with other
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analytical techniques such as gas chromatography-mass spectrometry (GC-MS) which
provides a standardised reference.

The second application implements the technique of SCRM-DIP in the study of
bacterial carbon metabolism. It provides a culture-independent and non-destructive
approach to probe metabolic pathways of carbon substrates at the single-cell level. By
incubating microorganisms with deuterated carbon sources, a clearly distinguishable
C-D vibration band at 2070-2300 cm™! can be found, the intensity of which is pro-
portional to the extent of deuteration in the carbon source. A lower lipid conversion
rate from deuterated naphthalene compared with that from deuterated glucose is
revealed owing to different metabolic pathways to synthesise fatty acids. Three isotopic
shifts of the phenylalanine band at 1004 cm™! correlate well with a computational
model. A reduction in phenylalanine deuteration in Pseudomonas compared with
that in E. coli is found due to the dilution effect during phenylalanine biosynthesis.
Collectively, it shows that SCRM-DIP not only indicates general metabolic activity of
bacteria but can also reveal different metabolic pathways of specific carbon sources
adopted by different microorganisms.

In the third application, SCRM-DIP is further employed from pure bacterial cultures
to another symbiotic setting with a human host and, for the first time, to study
metabolic adaptations of a pathogen inside the host cells. Three Salmonella strains re-
sponsible for different clinical outcomes are analysed using SCRM-DIP. The fingerprint
region of SCRS shows that the three strains are metabolically different. STM-D23580
has metabolic traits lying in between the non-typhoidal STM-LT2 and the virulent
ST-Ty2, and it shares features in common with the typhoidal strain relative to the ability
to achieve successful extraintestinal infection. A kNN machine learning classification
achieves an accuracy of 92.4% correctly identifying these closely related strains based
on their SCRS. SCRM-DIP and reverse labelling reveal the slowest metabolism rate in
the most invasive ST-Ty2, as opposed to its fastest extracellular growth. With the non-
invasive STM-LT2 being the most active metaboliser, this study highlights a possible
strategy adopted by the invasive salmonellae to slow down central metabolism, hide

from host surveillance and allow for further dissemination. A quantitative proteomic
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analysis of proteins related to bioenergetic functions confirms the SCRM-DIP results,
with most of the energy pathways being upregulated in STM-LT2 and downregulated in
ST-Ty2. A dynamic Raman profile of Salmonella inside host cells reveals the metabolic
adaptations of biocomponents during their intracellular life as well as the differences
among three strains. The results suggest that the invasive Salmonella might switch off
the glycolytic pathways and use fatty acids as carbon sources instead. By comparing
and mapping the activities and metabolic profiles of three Salmonella strains in a dy-
namic and time-resolved manner, the mechanisms adopted by intracellular pathogens
to regulate their metabolic pathways in response to the host cell are revealed.

Our understanding of intracellular bacteria metabolism has been largely built
upon genetic studies, in which individual genes or a small set of genes are chosen to be
inactivated and studied. These studies are often insufficient to reveal a comprehensive
picture of bacterial metabolism network. Recent advances in omics technologies
enable a more systemic view of Salmonella metabolism. However, these techniques
have disadvantages such as insufficient resolution, low turnover rates, incomplete
coverage and more importantly, loss of heterogeneity due to the averaged read-outs.
During the intracellular life of Salmonella, while most of the bacteria remain initially
in host phagosomes, some salmonellae escape to the cell cytosol and feature vigor-
ously different proliferation and metabolism. Consequently, bulk measurements can
generate misleading conclusions originated from the diverse bacterial subpopula-
tions. SCRM and SCRM-DIP are capable of highlighting such molecular heterogeneity
and cell-to-cell variation among Salmonella subsets. Single-cell Raman approaches
thereby offer new perspectives on understanding metabolic adaptations and single-
cell heterogeneity of host-infected Salmonella, and can be potentially applied to a
wide range of intracellular conditions with heterogeneous behaviours.

In this thesis, SCRM-DIP as a tool to probe cell activity and cellular metabolism is
introduced by exposing cells to heavy water or deuterium-labelled carbon substrates.
It shines a light on various possible routes for SCRM-DIP to investigate cell activity and
cellular metabolism. Providing a high variety of possible isotopic substrates, SCRM-

DIP has the potential to probe the metabolism of most of the important biomolecules,
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Figure 7.1: Potential of SCRM-DIP to study cell activity and metabolism.

including proteins, lipids, carbohydrates and nucleic acids (Figure 7.1). For example,
D-labelled nucleotides can detect DNA synthesis in proliferating cells, D-amino acids
can selectively and quantitatively trace synthesis of proteins from specific precursors,
D-fatty acids allows tracking of lipid uptake and storage. Furthermore, SCRM-DIP
using more complex substances including natural products, medicines and mixtures
containing multiple chemicals can be invaluable in the study of biomedicine and
environmental sciences (Figure 7.1). By exposing the cells to deuterium-labelled
substrates designed to mimic as closely as possible their naturally more abundant
counterpart, it provides an explanation of cellular metabolism without altering the
natural substrate pool. SCRM-DIP studies using these D-labelled substrates are
therefore invaluable and requires further exploration in the functional study of cells
in their natural conditions at the single-cell level.

Finally, to wrap up what has been applied above, a pipeline of Raman data anal-

ysis for biological subjects is rationalised, together with a programming script for
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automatically executing the pipeline. The pipeline starts from raw-data tidying to
data preprocessing and continues on to various techniques of data analysis to fulfil
both descriptive and predictive purposes in differing biological research. Data vi-
sualisation techniques, namely, PCA, LDA and t-SNE are employed and compared.
Various approaches to machine learning classification based on samples’ SCRS are
also discussed. Performances of kNN, LDC, PLS, RE GBM, XGB and two SVMs are
compared. The power of stacking different models is emphasised and enabled in
this protocol. Biomarker identification and quantification are made possible by
introducing feature extraction techniques, summarising Raman assignment tables
and providing quantification methods. Following the established pipeline, a rapid,
systematic and automatic Raman spectroscopic analysis in biological sciences can
be performed by non-specialists.

Overall, this thesis demonstrates SCRM as a label-free and non-destructive tech-
nique to study bacterial phenotypes by producing biochemical profiles of single cells,
consisting of a collection of biomolecules that can identify and characterise single cells.
To where genomics cannot reach, the combination of SCRM and DIP can answer a
plethora of questions in terms of cellular physiology and metabolic adaptations.

The work outlined here is just a first step towards developing SCRM and SCRM-DIP
into a universal tool capable of answering a wide range of questions which remain
open in the vast world of cell biology, microbiology and beyond. The development of
computational power and machine learning techniques can also push the advance
of the field by employing algorithms or models to understand the biological origins

buried underneath the overlapping and complex Raman spectra.
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Appendix A

R Code for Raman Analysis Pipeline

Contents

Al Datatidying . .........000itittiiieeeneeeeaan.. 168
A2 DataPre-processing ..........ccititeeeeeeeeesss.. 169

A.2.1 Baselinecorrection . . ... ..................... 169
A.22 Normalisation . . ... ... ..... ... ... ....... 169
A3 DataAnalysis .........cc0ii ittt 170
A3.1 Visualisation. .. ... ... ... ... ... ... ... . .... 170
A.3.2 Classification . .. ..... .. ... ... . ... . ..., 172
A.3.3 Featureextraction . ............... ..., 174

A.1 Data tidying

1 # Set working directly to the folder containing spectra in .txt

2 setwd("/Users/Jiabao/Desktop/IBME collaboration/MapTxt_FilteredDespiked")

3 files <- list.files(path = "/Users/Jiabao/Desktop/IBME collaboration/MapTxt _
FilteredDespiked")

4

5 # Create a dataframe containing all spectra

6 combinedata <- read.table(files[1], header = FALSE, sep = "\t")I[1,]
7 combinedata$Filename <- "Filename"

8 for (filename in files)

9 {

10 data <- read.table(filename, header = FALSE, sep="\t")[-1,]
11 data$Filename <- filename

12 combinedata <- rbind(combinedata, data)
13}
14 row.names (combinedata) [1] <- "Wavenumber"

15 combinedata <- combinedatal[,-c(1:2)]

17 # Remove observations rows with Os
18 combinedata[combinedata==0] <- NA
19 combinedata <- combinedatal[complete.cases(combinedata),]

21 # Create a numeric matrix

22 spec <- as.matrix(combinedata[-1,-1020]) # Numeric matrix for intensities
23 wn <- as.numeric(combinedata[1,-1020]) # Numeric vector for wavenumber

24 t.spec <- t(spec) # Transpose

26 # Select FP region

27 spec <- specl[,c(1:443)]

28 wn <- wnl[c(1:443)]

29 t.spec <- t(spec)

31 # Plot and inspect spectra
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matplot(wn, t.spec, type="1") # See all

3 plot(wn, spec[1,], type="1") # See any one

which.max(spec[,400] ) # Useful to find the highest fluorescence
which.min(spec[,400] ) # Useful to find the highest noise

G & G

A.2 Data Pre-processing

A.2.1 Baseline correction

library(baseline)

sapply(baselineAlgorithms, description) # See all correction methods

# Choose one method, recommend rollingBall,als, modpolyfit

spec.bl <- baseline(spec, method="modpolyfit", degree = 4, tol = 0.0001, rep =
100)

5 spec.bl <- baseline(spec, method=’als’, lambda=7, p = 0.05)

6 spec.bl <- baseline(spec, method=’irls’,lambdal = 3, lambda2 = 10)

7 spec.bl <- baseline(spec, method=’rfbaseline’,span = 2/3)

8 spec.bl <- baseline(spec, method=’rollingBall’,wm=200, ws=100)

N}

10 # Plot any one orginal vs corrected spectrum
11 plot(spec.bl, specNo = 3554)

13 # Output

14 corr <- getCorrected(spec.bl)

15 t.corr <- t(corr)

16

17 # Plot

18 matplot(wn, t.spec, type="1") # original spectra

19 matplot(wn, t.corr, type="1") # baseline-corrected spectra

A.2.2 Normalisation

I # normalize a row by the sum of its entries

2> for (n in 1l:nrow(corr)) {

3 S <- sum(corr([n,]) # Add range here if specfic wn desired
A corr[n,] <- corr[n,]/S

}
7 t.corr <- t(corr)

9 # Plot normalised spectra
10 matplot(wn, t.corr, type="1")

12 # Transform matrix back to data frame and change names of the group
13 data <- data.frame(corr, row.names = NULL)
14 colnames (data) <- wn

16 # Add file mname

17 library (stringr)

18 str(data)

19 data$File <- combinedatal[-1,-(444:1019)]$Filename
20 data$Group <- word(data$File,1,sep = fixed("_"))

21 data$Cellline <- word(data$File,2,sep = fixed("_"))
22 data$Replicate <-word(data$File,3,sep = fixed("_"))
23 data$Time <-word(data$File,4,sep = fixed("_"))

24 data$Cell <-word(data$File,5,sep = fixed("_"))
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A.3 Data Analysis
A.3.1 Visualisation

To plot averaged spectra from single-cell spectra:

###### Plot spectra

library (reshape?2)

library (plyr)

# Wide to long

data.long <- melt(data, variable.name = "Wavenumber",

idvar = c("File","Group","CellLine", "Replicate", "Time",

)

data.long$Wavenumber <- as.numeric(as.character(data.long$Wavenumber))

# Summary stats
stat.1l <- ddply(data.long, c("Group", "Wavenumber"), summarise,
average = mean(value), stdev = sd(value),
error = sd(value)/sqrt(length(value)))
# Factor group information
stat.1$Group <- factor(stat.1$Group, levels = c("iPSC","NSCR","Neuron"))
# Shift spectral visualisation
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"Cell"

stat.1$modified_average = stat.l$average - 0.005 * as.numeric(as.factor(stat.1$

Group))

# Plot averages and ribbons

library (ggplot2)

library (RColorBrewer)

# Create colours desired for plotting
mypalette = brewer.pal(8, "Seti1")[c(1,4,2)]

# Plot according to different cell groups

ggplot(stat.1, aes(x = Wavenumber, y = modified_average, group = Group)) +
geom_line (aes(color = Group),size=0.6) +
geom_ribbon(aes (ymin = modified_average - stdev,
ymax = modified_average + stdev,

fill = Group),
alpha = 0.5) +

labs(title="",x=expression(Wavenumber/cm~{"-1"}), y = "Intensity (a.u.)") +
scale_£fill_manual(values = mypalette) +
scale_color_manual (values = mypalette) +

scale_x_continuous (breaks=seq(300,1800,300)) +

theme_linedraw () +

theme (panel.grid.major = element_blank(),
panel.grid.minor = element_blank(),
legend.position = "right",
legend.background = element_blank(),
legend.title = element_blank(),
axis.text.y = element_blank(),
axis.ticks.y = element_blank ()

) + ggtitle("")

To perform PCA and visualise the results:

library (FactoMineR)

library(factoextra)

set.seed (329)

# Perform PCA

pca <- PCA(datal, -(444:449)], scale.unit = FALSE, ncp = 10,
graph = FALSE)

PCA <- fviz_pca_ind(pca, axes = c(2,1),
#select.ind = list(cos2 = 0.2),
label="none",
habillage = as.factor(data$Group),
repel = TRUE,
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palette = mypalette,
addEllipses=TRUE, ellipse.level=0.9) +
theme_linedraw () +
# coord_cartesian(xlim=c(-0.02,0.025) ,ylim = c¢(-0.02,0.02))+
theme (panel.grid.major = element_blank(),
panel.grid.minor = element_blank(),
legend.position = "right",
legend.title = element_blank()) +
ggtitle ("")
# Plot PCA

3 plot (PCA)

To perform LDA and visualise the results:

####4#4# LDA

library (MASS)

library (caret)

# Remove class label and other labels

datalLDA <- datal,-c(444,446:449)]

datalLDA$Group <- factor (datalLDA$Group, levels = c("iPSC","NSC","Neuron"))
# Build LDA model

lda <- 1lda(Group~., data = dataLDA)

# Proportion of trace explains the percentage of variances explained by each
discriminant function
lda # LD1 - 77.6%, LD2 - 22.47

# Use LDA to predict class in probability of assigning correctly
predictions <- predict(lda)

predictions

round (predictions$posterior, 2)

# A Stacked Histogram of the LDA Values

# Make a stacked histogram of the values of the discriminant function for the
samples from different groups

ldahist (data = predictions$x[,1], g=datalLDA$Group) # 1st DF

ldahist(data = predictions$x[,2], g=datalLDA$Group) # 2nd DF

# Plot and visualise - Scatterplots of the Discriminant Functions
lda.data <- cbind(data, predict(lda)$x)
lda.data$Group <- factor(lda.data$Group, levels = c("iPSC","NSC","Neuron"))
ggplot (lda.data, aes(LD1, LD2)) +
geom_point (aes(color = Group, shape = Group),size=0.5,alpha=0.7)+

scale_£fill_manual(values = mypalette) +

scale_color_manual (values = mypalette) +

# coord_cartesian(ylim = c(0, 5)) +

theme_linedraw() +

labs(x = "LD1 (77.6%)", y = "LD2 (22.4%)")+

theme (panel.grid.major = element_blank(),
panel.grid.minor = element_blank(),
legend.position = "right",

legend.background = element_blank(),
legend.title = element_blank ()
) + ggtitle("")

To perform t-SNE and visualise the results:

# Perform 2-D t-SNE
tsne <- Rtsne(datal,-c(444:449)], perplexity = 100,
pca=T, pca_scale = T)

# Plot 2-D t-SNE
d_tsne <- data.frame(tsne$Y)
d_tsne$Group <- as.character (data$Group)
d_tsne$Group <- factor(d_tsne$Group, levels = c("iPSC","NSCR","Neuron"))
ggplot (d_tsne, aes(X1, X2, color = d_tsne$Group)) +
geom_point (size=0.3,alpha=0.5)+
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labs (x="t-SNE Axis 1", y="t-SNE Axis 2") +

scale_fill_manual (values = mypalette) +

scale_color_manual (values = mypalette) +

theme_linedraw() +

theme (panel.grid.major = element_blank(),
panel.grid.minor = element_blank(),
legend.position = "right",

# legend.background = element_blank(),
legend.title = element_blank ()
) + ggtitle("")

A.3.2 Classification

To build machine learning models by individual classifiers:

library (caret)

# Grep the indexes of labels
grep("File", colnames(data)) #444
grep("Group", colnames(data)) #445
grep("Cellline", colnames (data)) #446
grep("Replicate", colnames (data)) #447
grep("Time", colnames(data)) #448
grep("Cell", colnames(data)) #449

data$Group <- as.factor(data$Group)
data$Cellline <- as.factor(data$Cellline)
data$Replicate <- as.factor(data$Replicate)
data$Time <- as.factor(data$Time)

data$Cell <- as.factor(data$Cell)

# Create balanced splits of the data into training set and test set
set.seed (329)

; trainIndex <- createDataPartition(data$Group, p = .8,

list = FALSE,
times = 1)
head (trainIndex)
dataTrain <- datal[ trainIndex,]
dataTest <- datal[-trainIndex,]

# Parameter tuning
fitControl <- trainControl (## 10-fold CV

method = "repeatedcv",
number = 10,

## repeated 5 times
repeats = 5,

allowParallel=TRUE)
H#####H####### Diff models

# Note: parallel computing can be done using the code below
library (doParallel) # for parallel computing
library(tictoc) # for time counting

tic ()

cl <- makeCluster (detectCores())

registerDoParallel (cl)

YourModelHere

stopCluster (cl)

registerDoSEQ ()

toc ()

5 # kNN - k best at 90

knnGrid <- expand.grid(k = ¢(5,10,20,30,40,50,60,70,80,90,100))

; knnFit <- train(Group ~ ., data = dataTrain[,-c(444,446:449)],
method = "knn",
trControl = fitControl,

tuneGrid = knnGrid)
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3 # LDA - no need for grid expansion, dim = 2
method = "1da2",

54 1ldaFit <- train(Group ~ ., data = dataTrain[,-c(444,446:449)],

6 trControl = fitControl)

58 # PLS

59 plsGrid <- expand.grid(ncomp = ¢(1,3,5,7,9,11,13,15,17,19))

60 plsFit <- train(Group ~ ., data = dataTrainl[,-c(444,446:449)],

61 method = "pls",

62 trControl = fitControl,

63 tuneGrid = plsGrid)

64

65 # RF

66 rfFit <- train(Group ~ ., data = dataTrainl[,-c(444,446:449)],

67 method = "ranger",

68 trControl = fitControl)

68

70 # GBM

71 gbmGrid <- expand.grid(interaction.depth = c¢(1,5,9,11,15),

72 n.trees = ¢
(500,1000,1500,2000,2500,3000,3500,4000,4500,5000,5500)

73 shrinkage = 0.1,

74 n.minobsinnode = 10)

75 gbmFit <- train(Group ~ ., data = dataTrain[,-c(444,446:449)],

76 method = "gbm",

77 trControl = fitControl,

78 tuneGrid = gbmGrid,

79 verbose = FALSE)

8¢

81 # XGB

82 xgbFit <- train(Group ~ ., data = dataTrain[,-c(444,446:449)],

83 method = "xgbDART",

84 trControl = fitControl)

86 # SVM-Linear

87 svmFitLin <- train(Group ~ ., data = dataTrain[,-c(444,446:449)1],

88 method = "svmLinear2", # or svmLinear

89 trControl = fitControl)

91 # SVM-RBF

92 svmFitRBF <- train(Group ~ ., data = dataTrain[,-c(444,446:449)],
93 method = "svmRadialSigma", # or svmRadialWeights
94 trControl = fitControl)

To test model performance with the test set:

1 # Predict

2 knnPred <- predict(knnFit, dataTest[,-c(444:449)1]1)

3 ldaPred <- predict(ldaFit, dataTest[,-c(444:449)1)

. plsPred <- predict(plsFit, dataTest[,-c(444:449)1])

5 rfPred <- predict(rfFit, dataTest[,-(444:449)])

6 gbmPred <- predict(gbmFit, dataTest [,-(444:449)1)

7 xgbPred <- predict(xgbFit, dataTest[,-(444:449)1)

8 svmPred <- predict(svmFitLin, dataTest [,-(444:449)1])
9 svmPred2 <- predict(svmFitRBF, dataTest[,-(444:449)1)

12 confusionMatrix (data = knnPred, reference = dataTest$Group)
13 confusionMatrix(data = ldaPred, reference = dataTest$Group)
14 confusionMatrix(data = plsPred, reference = dataTest$Group)
15 confusionMatrix(data = rfPred, reference = dataTest$Group)
16 confusionMatrix(data = gbmPred, reference = dataTest$Group)
17 confusionMatrix (data = xgbPred, reference = dataTest$Group)
18 confusionMatrix(data = svmPred, reference = dataTest$Group)

19 confusionMatrix(data = svmPred2, reference = dataTest$Group)
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To build a stacked model and test its performance:

# Compare models by resampling
resamps <- resamples (list (KNN knnFit,
LDC ldaFit,
PLS = plsFit,
RF = rfFit,
GBM = gbmFit,
XGB = xgbFit,
SVMlin = svmFitLin,
SVMRBF = svmFitRBF))

resamps
summary (resamps)

2> modelCor (resamps) # Models being stacked should have low correlations (<0.75)
splom(resamps)

5 # Stack the predictions from multiple models

stackPred <- data.frame(knnPred, 1ldaPred, plsPred,
gbmPred, rfPred, xgbPred,
svmPred, svmPred2, svmPred2,
class = dataTest$Group)

# Apply GBM to the stacked predictions

tic ()

cl <- makeCluster (detectCores())

registerDoParallel (cl)

stackgbmFit <- caret::train(class ~ ., data = stackPred,
method = "gbm",
trControl = fitControl)

stopCluster (cl)

toc ()

# Test the performance of the stacked model

stackgbmPred <- predict(stackgbmFit, stackPred[,-grep("class",colnames(stackPred))
iD)

confusionMatrix(data = stackgbmPred, reference = stackPred[,grep("class",colnames(
stackPred))])

A.3.3 Feature extraction

To extract features from LDA:

# View loadings/slopes/coefficients/weights of each variable on each discriminant
function

round (lda$scaling, 2)

loadings = data.frame(lda$scaling)

loadings$AbsVal_LD1 = (loadings$LD172)70.5

loadings$AbsVal _LD2 = (loadings$LD272) 0.5

loadings$wn <- wn

# Plot LDA loadings
ggplot (loadings, aes(x=wn, y=AbsVal_LD2)) +
geom_line () +
labs(title="",x=expression(Wavenumber/cm”~{"-1"}), y = "Contribution to LD2") +
scale_£fill_manual (values = mypalette) +
scale_color_manual (values = mypalette) +
scale_x_continuous (breaks=seq(200,1800,100)) +
# coord_cartesian(ylim = c(0, 5)) +
theme_linedraw () +
theme (panel.grid.major = element_blank(),
panel.grid.minor = element_blank(),
legend.position = "right",
legend.background = element_blank(),
legend.title = element_blank ()
) + ggtitle("")
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To extract features from SVM:

# Extract variable importance from the model
svm_varimp <- data.frame(varImp(svmFitLin, scale = FALSE)$importance)

# Plot variable importance
plot (varImp (svmFitRBF) ,top = 50)

To quantify the biomolecules by calculating the Raman band area:

library (plyr)

library (easyGgplot2)

library (ggpubr)

my_comparisons <- list( c("iPSC", "NSC"), c("iPSC", "Neuron"), c("NSC", "Neuron")
)

# Integration of cytochrome c at 1127
data$ “1114-1134°¢ <- rowSums (datal[,232:238])

# Plot quantification results with stats
ggplot2.boxplot (data,

xName = "Group",

yName = data$ ‘1114-1134°¢,

groupName = "Group",

backgroundColor = "white",

ytitle = expression(bold(paste(Integral~of~Raman~band~at~"1125"~cm
Sr-1))),

xtitle = "",

addDot = T, dotSize = 0.5, dotPosition = "jitter",

removePanelGrid = TRUE, PanelBorder = c(1, "solid", "black"),
axisLine=c(0, "solid", "black"),

legendPosition = "none",

# xShowTickLabel = FALSE,

outlier.shape=NA

)+
coord_cartesian(ylim=c(0.00,0.042))+
scale_fill_manual (values = mypalette) +
scale_color_manual (values = mypalette) +
stat_compare_means (label = "p.signif", method = "t.test",
comparisons = my_comparisons,
label.y = c(0.033,0.036,0.04))+
theme (axis.text.x = element_text(size=11, face="bold"),

axis.text.y=element_text(size=9, face="plain"),
axis.title.y = element_text(size=12,face="bold",colour="#993333"))
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