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Abstract
Autophagy is a highly conserved biological process in eukaryotic cells with an
essential role in cellular homeostasis, where dysfunction in this process is a key factor
in a multitude of diseases. To this end, accuracy and reliability in the detection and
monitoring of autophagy is critical for medicine and research. Current methods for
autophagy detection can be costly, time consuming and labour intensive, which hampers
their use outside of research laboratories. Raman spectroscopy is a spectrographic
technique which allows visualisation of the chemical environment within a sample
in a non-destructive and non-invasive manner. The use of Raman spectroscopy has
never been fully realised for the detection of autophagy and can offer key benefits
to the process. By using Raman spectroscopy to assess the chemical changes in cells
undergoing autophagy key changes can be mapped out and used to create a predictive
model via the use of machine learning. Raman collection was optimised via the use of
drying cells onto a gold coated mirror, to facilitate high Raman scattering intensities
with relatively short collection times. The processing of the spectra was optimised with
a focus on creating a more generalisable process. Testing different baseline correction
algorithms it was found that the asymmetric least squares algorithm performed the
best across multiple distinct Raman spectra from different cell lines and different
experiments. Raman spectra of cells after 4 hours complete amino acid deprivation
show little difference in their Raman spectra, whereas the spectra of cells after 1, 2
and 5 days without l-glutamine show significant changes. These changes are often cell
line specific but a commonly seen change is a drop in the 1675 cm-1 shoulder region
associated with the protein secondary structure β -pleated sheets. Many of these changes
however are also seen in ATG5(-/-) cells suggesting the changes are not autophagy
specific. Using an artificial neural network, trained on the first 20 principal components
of the Raman spectrum and the cell type, could distinguish between control cells,
autophagy induced ATG5(+/+) cells and autophagy induced ATG5(-/-) cells with a 98.2%
accuracy. This research lays the groundwork for the use of Raman spectroscopy as a
method of detection for autophagy. Larger and more comprehensive data sets would
need to be collected to further the applicability of this method.
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By Liam Davison-Gates
Lay Summary

Autophagy is essential to keeping cells healthy, and is key in multiple disease
and pharmaceutical processes. However, detecting autophagy can be difficult, time
consuming and expensive. To remedy this I have created a new method to detect
autophagy using Raman spectroscopy. Raman spectroscopy is a method of visualising
the chemical components of a cell, by visualising these components and using machine
learning I can predict if a cell is undergoing autophagy with a 98% accuracy. This
method I have developed is faster and cheaper than conventional methods available.
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1

Introduction

Autophagy, rooted in the Greek Auto meaning “self” and Phagein meaning “to eat”,
is the highly conserved self-digestion response of eukaryotic cells [1]. Autophagy
acts as an end of life point for many different cellular components and organelles, by
sequestering and transporting them to the lysosomes for digestion and recycling of their
biomolecules. The importance of autophagy is highlighted by the number of diseases
in which it plays a role in the underlying pathology, for good or for ill [2, 3]. These
diseases include many types of cancer [4], neurodegeneration diseases [5] and heart
disease [6]. This is by no means an exhaustive list but it demonstrates the widespread
importance of autophagy to multiple cells, organs and systems within the human body.
This combined with its potential uses in bio-industrial processes [7], makes autophagy
an attractive research subject. This is no better highlighted than by the award of the
2016 Nobel Prize in physiology or medicine to Professor Yoshinori Ohsumi for the
identification of the mechanisms of autophagy. Since its discovery in 1963 there has
been many different methods for detection and monitoring of autophagy. At first, you
could only detect autophagy via electron microscopy with an experienced researcher
to analyse the images. Now there are many more techniques which require less expert
interpretation and can give much more informative measurements. Current methods
such as western blot or GFP tagging of the microtubule-associated proteins 1 light
chain 3 (LC3) protein are the most common in the field. However, these new methods
are by no means perfect and can still require skilled interpretation or do not give a
comprehensive picture of autophagy in its entirety. They can also be time consuming
and laborious, which hampers their use in more time sensitive applications such as
inline monitoring for bio-industrial processes and can put restrictions on the scalability
for more parallel sample processing.
An ideal autophagy detection method would need to be specific, rapid, scalable,
informative, non-invasive and require minimal setup and handling. The current methods
of LC3 tagging are very specific for autophagy as LC3 is considered the “gold standard”
protein, because it is highly specific to the autophagy response. These methods can also
be highly informative, although combinations of different methods are needed to fully
elucidate all aspects of the autophagy response as no one test is all-encompassing. They
are also very time intensive and laborious as western blots and immunofluorescence
require multiple incubation/blocking and washing steps. This laborious nature hampers
21

the scalability of the process. This combined with the high cost of antibodies make
these methods very specialised and best suited for a research environment. LC3 can
be pre-tagged with GFP to speed up fluorescent imaging, but this is not applicable to
bioindustrial, applications where any extra burden on the cell will result in reduced
product yield and in medicine where we cannot currently transfect plasmids safely into
humans.
Raman spectroscopy is a potential answer to some of these problems as it is intrinsically non-invasive, with rapid diagnosis for minimal preparation time. Raman
spectroscopy works by probing bond vibrations in a sample, each of which give a unique
signal. Using these signals different biochemical states within a biological sample can
be elucidated. The aim in this project is to fully explore the use of Raman spectroscopy
for the goal of detecting and monitoring autophagy in mammalian cells in a rapid,
non-invasive and easy-to-use process. This involves fine tuning every step of the process
from sample preparation, instrument setup, data processing and data analysis.
This thesis will cover; sample preparation and Raman spectral acquisition, Raman
spectrum processing / analysis and application of machine learning to the Raman spectra,
with the ultimate goal of creating a model that can reliably discern the autophagy
response within cells. Raman spectroscopy has the potential to offer unique advantages
to this field of research and has already been applied to autophagy by Konorov et al.
2012 [8] and Shreyas et al. 2017 [9]. These two papers have laid the groundwork for
the use of Raman spectroscopy in monitoring autophagy. This work builds upon their
research to further refine the process into a more fully realised method for adoption and
use in other labs as a standardised technique in the autophagy toolkit.
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2

Literature Review

There are three different types of autophagy; macroautophagy, microautophagy and
chaperone mediated autophagy. Each play a distinct role in cellular biology, but for this
review we will focus on only macroautophagy (which for simplicity will henceforth be
referred to as autophagy). Readers are directed to Wen-wen et al. [10] and Samantha et
al. [11] for more indepth reviews of microautophagy, and chaperone mediated autophagy
respectively. The primary function of the autophagy response is to remove unnecessary
or harmful components from the cell such as; dysfunctional organelles, aggregated proteins, bulk cytoplasmic components (when under nutrient stress), or invading pathogens.
This cellular ’self-cleaning’ response is a critical step in the maintenance of normal
cellular homeostasis, where it acts as an end of life point for many long lived proteins
and organelles (such as mitochondria), and a start point for new cellular components by
recycling digested proteins and organelles into basic nutrients and biological building
blocks [3]. Autophagy differs from other protein digestion pathways such as the ubiquitin proteasome pathway (UPP) [12] by its ability to sequester large amounts of cargo
for digestion. This allows autophagy to deal with damage on a much larger scale, such
as dysfunctional mitochondria (mitophagy) or aggregated proteins (aggrephagy) [13].
However, one of the most common function autophagy is known for is its ability to
digest nonspecific bulk cytoplasmic cargo as a pro-survival response in times of nutrient
deprivation. This can be triggered by amino acid deprivation [14, 15], or an increase
in the adenosine diphosphate (ADP) to adenosine triphosphate (ATP) ratio [16]. The
field of autophagy research has been gaining momentum as seen in Figure 2.1. The
falling publication numbers in 2019/20 could be due to focuses in research shifting to
COVID-19 during the pandemic. With this gaining speed of research and the transition
into industrial and medical applications, it is important to have the most up-to-date tools
to better study autophagy.

2.1

Autophagy Genes

Up until the early 1990s the mechanisms of autophagy were mostly unknown beyond
its macropresentation in electron microscopy images. This changed with the work of
professor Yoshinori Ohsumi who discovered the essential autophagy genes in yeast
and went on to win the 2016 Nobel Prize in Physiology or Medicine for this work [17].
Table 2.1 lists the core autophagy genes and Figure 2.2 shows their interactions in the
process of nutrients deprivation triggered autophagy and mitophagy. The core autophagy
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Figure 2.1: Number of papers per year with the keyword ’autophagy’, based on Google Scholar results.

genes are known as the autophagy-related genes (ATG). However, since the genes were
first discovered in yeast some ATG genes have other names in humans as they were
discovered before autophagy was characterised and their role in the process was not
known. There are a large range of genes with functions closely related to autophagy
that are not part of the core autophagy genes, which are highlighted in Table 2.1.
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Gene

Aliases

Functions

Reference

ATG1

ULK1

A serine/threonine kinase that functions
to recruit ATG13, ATG101 and FIP200
upstream of PIK3C3 to regulate the formation of autophagophores.
Downstream effector and negative regulator of MTOR.
Downstream target of AMPK.
Interacts with ATG18 and is involved in
autophagosome assembly.
Works in concert with the ATG12-ATG5ATG16 complex to facilitate the conjugation of LC3 and PE.
Plays a role in mitochondrial homeostasis
in an autophagy independant manner.
A cysteine protease that cleaves the Cterminal amino acid(s) of LC3 family proteins to reveal a C-terminal glycine allowing LC3 to be conjugated to PE.
Part of the ATG12-ATG5-ATG16 complex
which acts to help phagophore formation
by forming a scaffold to build from (Figure
2.3).
Regulates cytokinesis and degradative endocytic traffic.
Acts as a core subunit of the PI3K complex, which acts in the formation of the
phagophore at the PAS.

[18–23]

ATG2
ATG3

ATG4

ATG5

ATG6

ATG7

BECN1

[24–27]
[28–31]

[32, 33]

[30, 34]

[35–37]

A ubiquitin activating enzyme homolog [38–40]
that activates ATG12 for its conjugation
with ATG5 and activates ATG8 family proteins for their conjugation with PE.

25

ATG8

ATG9

ATG10

ATG11

ATG12

ATG13

GABARAP A ubiquitin like protein that acts as a cargo
MAP1LC3B selection mechanism by binding to p62
LC3
and the expanding isolation membrane.
Regulates the size of the autophagosome.
LC3 and GABARAP may be involved in
recognition of distinct cargo sets.
GABARAP acts in autophagosome elongation and closure.
LC3 is a key protein in autophagy detection.
Plays a key role in the organisation of the
pre-autophagosomal structure.
Act to facilitate membrane delivery to the
expanding isolation membrane.
Acts as a ubiquitin conjugating E2-like
enzyme that catalyses the conjugation of
ATG12 to ATG5.
A scaffold protein involved in selective
types of macroautophagy.
Required for ATG9 transport from the mitochondria to the PAS.
Part of the ATG12-ATG5-ATG16 complex
which acts to help phagophore formation
by forming a scaffold to build from (Figure 2.3).
Can conjugate with ATG3 to regulate mitochondrial homeostasis.
Target of the MTOR kinase signalling
pathway that regulates autophagy through
the control of the phosphorylation status
of ATG13 and ULK1, and the regulation
of the ATG13-ULK1-RB1CC1 complex.
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[13, 41–50]

[51, 52]

[53, 54]

[55, 56]

[29, 30]

[57–59]

Barkor

Determines the localisation of the [37, 60–65]
autophagy-specific PI3KC3-C1. Part of
the phagophore nucleation complex.
Plays a role in LC3 lipidation.
Autophagy-dependant phosphorylation of
ATG6.
Binds to STX17 to facilitate the tethering
and fusion of the autophagosome to the
lysosome.
A lipase that is essential for disintegration [66]
of autophagic body membranes and has a
transmembrane domain at the N-terminus
and a lipase domain at the C-terminus.
Part of the ATG12-ATG5-ATG16 complex [30, 67, 68]
which acts to help phagophore formation
by forming a scaffold to build from (Figure
2.3).

ATG17

RB1CC1
FIP200

ATG18

WIPI1
WIPI2

Regulates early events but also late events
of autophagosome formation through direct interaction with ATG16.
Involved in the recruitment of ATG12ATG5-ATG16 to the phagophor assembly
site (PAS), allowing the complex to facilitate the elongation of the nascent autophagosomal membrane (Figure 2.3).
Required for autophagosome formation.
Regulates early stages of autophagy.
Autophagy receptor required for selective autophagy by functioning as a bridge
between polyubiquitinated cargo and autophagosomes by interacting directly with
both the cargo to become degraded and
membrane bound LC3-II.

ATG14

ATG15

ATG16

VMP1
SQSTM1 p62
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[69, 70]

[71]

[72–77]
[41–44]

MTOR

AMPK

Master regulator of cellular energy status. [78]
Not directly a core autophagy gene but is
a very important signalling pathway for
autophagy activation in nutrient stress.
Acts as a cellular energy sensor by moni- [16]
toring the ratio of ADP/AMP to ATP.
Not directly a core autophagy gene but is
a very important signalling pathway for
autophagy activation in nutrient stress.

Table 2.1: Core autophagy genes, their aliases and associated function. For more reading on the naming
schemes/history of the genes required for and involved in autophagy in yeast see [79]. ATG: AutophagyRelated Gene, ULK1: Serine/Threonine-Protein Kinase 1, PIK3C3: Phosphatidylinositol 3-Kinase,
MTOR: Mechanistic Target of Rapamycin, AMPK: Adenosine Monophosphate-Activated Protein Kinase, ULK2: Serine/Threonine-Protein Kinase 2, PE: Phosphatidylethanolamine, BECN1: Beclin 1,
PAS: Phagophor Assembly Site, GABARAP: Gamma-Aminobutyric Acid Receptor-Associated Protein, LC3/MAP1LC3: Microtubule-Associated Proteins 1 Light Chain 3, Barkor: Beclin-1-Associated
Autophagy-Related Key Regulator, PI3KC3-C1: Phosphatidylinositol 3-Kinase Complex, STX17: Syntaxin 17, RB1CC1: RB1-Inducible Coiled-Coil Protein 1, FIP200: 200 kDa FAK Family KinaseInteracting Protein, WIPI1: WD Repeat Domain Phosphoinositide Interacting 1, WIPI2: WD Repeat
Domain, Phosphoinositide Interacting 2, SNX30: Sorting Nexin Family Member 30, SN4: Sorting
Nexin 4, VMP1: Vacuole Membrane Protein 1, AMP: Adenosine Monophosphate, ADP: Adenosine
Diphosphate, ATP: Adenosine Triphosphate.
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Figure 2.2: The autophagy proteins and upstream signalling proteins involved in the autophagy pathways
for macroautophagy with accompanying proteins specific to the mitophagy sub-pathway. Illustration
reproduced courtesy of Cell Signaling Technology, Inc. (www.cellsignal.com).
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Figure 2.3: Diagram of the ATG12-ATG5-ATG16 complex and its role in the conversion of LC3-I to
LC3-II by addition of a C-terminal phosphatidylethanolamine. Also shown is the additional role in the
elongation of the isolation membrane of the growing autophagosome by acting as a protein scaffold.
Figure reproduced with permission from [80].
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2.2

Autophagy Mechanisms

Autophagy is broadly broken down into six main stages; initiation, phagophore nucleation, cargo sequestration, expansion/sealing, maturation, lysosome fusion and cargo
digestion. Figure 2.4 gives an overview of the entire pathway of autophagy. A full
breakdown of all the protein interactions that make up this complex response is beyond
the scope of this work. For a deeper dive into the protein pathways in the autophagy
response the reader is directed to Beth et al. [3], Yan et al. [81] and Vellai [82].
Initiation is the beginning of the pathway where cellular signals trigger autophagic
activation. There are multiple triggers for the autophagy response including; amino acid
deprivation, glucose deprivation, hypoxia, cold/heat shock, aggregated protein detection,
bacterial invasion, drug induction etc. Some of these signals can be seen in Figure 2.2
which shows the different ATG and their role in the nutrient stress, and mitophagy
signalling pathways. This activation triggers the recruitment of autophagic machinery
to a specific sub-cellular location, termed the PAS, located next to the endoplasmic
reticulum emanating domains known as omegasomes [18]. Other PAS’s have been
observed including; Golgi complex, plasma membrane and recycled endosomes [80].
From here phagophore nucleation begins via sequestration of phospholipids to add to
the growing isolation membrane. Construction of the isolation membrane, a double
membrane vesicle specific to autophagy, forms the beginning of the phagophore [18].
The isolation membrane is further elongated via the interaction with the ATG12-ATG5ATG16 complex illustrated in Figure 2.3 [80]. This complex acts as both a scaffold for
further isolation membrane to be formed and as an enzyme to catalyse the lipidation
of microtubule-associated proteins 1A/1B light chain 3 (LC3) via conjugation of a
phosphatidylethanolamine (PE) molecule to the C-terminal glycine residue (LC3G120 )
[83]. This lipidation of LC3 is simply referred to as LC3-I to LC3-II conversion, and is
a key point in multiple autophagy detection protocols. LC3 must also be preprocessed
by the cystine proteinase ATG4 which cleaves the C terminus of pro-LC3 to expose
the glycine residue critical for PE lipidation [84], this cleavage is also a key point in
some autophagy detection protocols. LC3-II is then able to anchor via its PE tail to
the growing isolation membrane and, because of the LC3-interacting domains in the
ATG12-ATG5-ATG16 complex, stabilise the complex on the membrane to carry out its
scaffolding function [83]. Alternatively, there have been suggestions that LC3 and p62
act as scaffolding protein instead of or along side the ATG12-ATG5-ATG16 complex in
phagophore expansion [30].
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When autophagy is triggered by nutrient deprivation it functions in a non-selective
way, sequestering indiscriminate bulk cytoplasmic content in an effort to replenish
the cells nutrient supply through self digestion [85]. However, this is not the only
trigger of autophagy, and other autophagy triggers can lead to a highly specific targeting
of the intended cargo. Table 2.2 outlines the different types of autophagy and their
intended cargo. There are two methods of cargo selection by autophagy, ubiquitin
dependant and ubiquitin independant [18]. Both of these methods rely on the cargo
being targeted to the growing isolation membrane via interaction with LC3 through
LC3-interacting regions (LIR) [86]. In ubiquitin independant selection the target will
have a LIR on its surface, such as the FUN14 domain-containing protein 1 on the surface
of mitochondria, which is activated by phosphorylation in response to mitochondrial
stress signals [18]. On the other hand, much like the UPP, autophagy can recognise
cargo via a phosphorylated ubiquitin chain. This occurs via an adaptor protein, such as
autophagy receptor sequesterom 1 (p62), which has both a ubiquitin associated domain
(UBA) and an LIR [18, 86].

Autophagy Type

Target

Aggrephagy
Allophagy
Chlorophagy
Chromatophagy
Ferritinophagy
Lipophagy
Lysophagy
Mitophagy
Pexophagy
Reticulophagy
Ribophagy
Xenophagy

Protein aggregates
(non-self) organelle
Chloroplasts
Chromatin
Iron
Lipid droplets
Lysosomes
Mitochondria
Peroxisomes
Endoplasmic reticulum
Ribosomes
Bacteria, parasites and viruses

Table 2.2: Different types of selective autophagy and their targets. These sup-processes all fall under the
umbrella of macroautophagy [13].

Expansion and sealing is the final step of sequestering cargo, where the isolation
membrane of the phagophore fully circularises forming a double membrane vesicle
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known as the autophagosome [18]. Sealing of the phagophore is thought to be due to
interactions of the N-terminal peptide chains on membrane anchored LC3 and GATE-16
(both mammalian ATG8 orthologs) [87]. Maturation and fusion involves the autophagosome being cleared of many ATG proteins and the recruitment of cellular machinery
for the autophagosome’s transport to the lysosome (microtubule-based kinesin motors) and machinery for their eventual fusion into the mature autolysosome (soluble
N-ethylmaleimide sensitive fusion attachment proteins receptors SNAREs; syntaxin
17 (STX17) and synaptosomal-associated protein 29 (SNAP29), on the autophagosome, and vesicle-associated membrane protein 8 (VAMP8), on the lysosome, and the
homotypic fusion and protein sorting (HOPS) complex, which mediates membrane
tethering to support SNARE-mediated fusion) [18, 88–91]. The full characterisation of
this process is still an area of active research.

Lysosomal digestion is the final step in autophagy. This involves the fusion of the
double membrane autophagosome to the lysosome and the release of a single membrane
vesicle within the lysosomal lumen (or vacuole for plant cells). The progress through
this fusion and cargo transfer step is known as ’autophagy flux’. The term ’autophagy
flux’ can be more broadly applied to the passage of cargo all the way to its digestion in
the lysosome. In the context of autophagy detection autophagy flux plays a key role.
This is because most methods can not discern between the different stages of autophagy
(initiation and flux) and have to rely on multiple experimental conditions to elucidate
the full picture of autophagy. Autophagy flux has no concrete definition so here we will
use it to refer to fusion of the autophagosome with the lysosome, resulting in autophagic
cargo delivery to the lysosome. In the lysosome sequestered cargo is broken down
by approximately 50 degradative enzymes that can hydrolyze proteins, DNA, RNA,
polysaccharides and lipids. Dysfunction of the lysosome is responsible for more than
30 different diseases collectively known as lysosomal storage diseases [92].

While most researchers will talk about autophagic activation, it is important to note
that autophagy is never fully turned off in healthy cells. In normal tissues there is a
certain amount of background autophagic activation, known as basal autophagy, which
aids the cells in maintaining homeostasis, even if the cell is under no internal/external
stresses which would trigger autophagic activation. This is evidenced by the observation
of accumulated misshaped/dysfunctional organelles when autophagy is fully inhibited
[93].
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With such an important and well-conserved cellular process there has been a lot of
research into different ways to detect and monitor it.

Figure 2.4: Diagram of the main stages of autophagy and their associated genes/proteins. Figure reproduced with permission from [18].

2.2.1

Autophagic Breakdown

Since autophagy is a highly conserved process any dysfunction can be very costly to the
cell. Any breakdown in the autophagy process is categorised into one of two categories;
breakdown in autophagic initiation and breakdown in autophagy flux. Breakdown in
autophagy initiation is when there is a dysfunction in the autophagic pathway before
the cargo sequestration process, this results in the required cargo still being free within
the cell. Alternatively, breakdown in autophagy flux is where the cargo is successfully
sequestered into the autophagosome but this autophagosome fails to fuse with the
lysosome, leading to an accumulation of mature autophagosomes with sequestered
but undigested content. This breakdown in autophagy flux is distinct from lysosomal
storage diseases as it refers to cargo being unable to reach the lysosome, as opposed
to the lysosome being unable to digest this cargo. Breakdown in autophagy will be
discussed in relation to human disease in Section 2.3.1.
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2.2.2

Autophagic Cell Death

All cells derived from multi-cellular organisms exhibit regulated cell death (RCD),
which is critical for the organism’s development and survival [94]. However, this cell
death is a problem for alternative applications of cells such as bioreactors [95]. It has
been shown that promotion of autophagy can be a useful strategy for increasing yields
in bioreactors via increased cell concentrations and viability, thanks to autophagy’s
pro-survival effects for cells under stressful conditions [96]. However, this is not a
golden bullet as too much autophagic activation can lead to a form of RCD known
as autophagic cell death (ACD), also known as autosis [97]. Apoptosis and necrosis
are the most commonly known forms of cell death. However, recently more distinct
types of cell death have been discovered. These forms of cell death are mechanistically
distinct but often exhibit large degrees of cross-talk. Excluding necrosis, these all fall
under the category of RCD [94]. These forms of cell death are; Apoptosis, Necroptosis,
Mitochondria-dependant Necrosis, Ferroptosis, ACD, Lysosomal-Dependant Cell Death
and Karyoptosis [94]. Whether or not these forms of RCD are as influential for multicellular organism development and survival as apoptosis still remains to be seen. For
this review we are only interested in ACD.
There is a lot of cross-talk between autophagy and apoptosis however, ACD can be
fully independant of apoptosis as it has been shown to activate even in the inhibition
of apoptosis, via RNA interference knockdown of caspase-8 [98]. This means that
inhibition of apoptosis and subsequent activation of autophagy can yield a pro-survival
response in bioreactors but does not eliminate the risk of ACD. However, there is
currently no specific test for ACD, and its presence has to be determined via exclusion
of all other forms of cell death and an observed increase in autophagic flux [94].
2.2.3

Non-Canonical Autophagy Gene Functions

While digestive autophagy is the primary function of the autophagy genes, there is a
range of other functions that these genes can carry out. These other functions often
require only a subset of the autophagy core genes (Table 2.1). These processes include;
LC3-associated phagocytosis, unconventional protein secretion, exocytosis of secretory
granules/lysosomes, exosome secretion and retromer-dependant trafficking [3].
LC3-associated phagocytosis (LAP) is a process where extracellular cargo is encapsulated in LC3-decorated, single membrane macroendocytic vacuoles (macropinosomes,
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phagosomes, and entotic vacuoles), and trafficked to the lysosome for degradation. This
process differs from autophagy by; targeting extracellular cargo, encapsulating that in a
single membrane structure and the use of only a subset of the core autophagy proteins
[99]. LAP has been reported to be antagonistic to autophagy, possibly to conserve
cellular resources during nutrient stress [100].
A large set of non-canonical autophagy gene functions act, one way or another, in
secretory pathways. These pathways fall under the umbrella term ATG related-secretion
and are different from regular secretion as their target proteins lack the amino-terminal
signal peptide leader sequence and bypass the conventional secretion route of transit
through the endoplasmic reticulum (ER)-Golgi apparatus [3]. An example of this would
be the secretion of pro-inflammatory cytokines IL-1βand IL-18 which requires ATG5
to function [101].
These alternative functions for autophagy genes, though interesting, are not within
the scope of this review. They serve to illustrate that certain autophagic genes are used in
non-autophagic functions and that this may act to obscure autophagic detection methods
which rely on the dynamics of these genes.

2.3

Autophagy Research Areas

The main areas of research for autophagy are in medicine as it can play a major role in
the progression and treatment of many diseases. Also in the pharmaceutical industry it
has been found to be a promising target for manipulation to achieve higher yields in
bio-production.

2.3.1

Autophagy Research In Human Disease

Autophagy, and in a related manner lysosomal function, can be linked to many disease
states. This can be either directly linked via functional loss or over-activation, or
indirectly via secondary roles of autophagy and lysosomal genes. The two major
diseases autophagy plays a key role in are; cancer [4] and neurodegeneration [5]. This
is by no means an exhaustive review of autophagy’s involvement in human disease,
readers wanting to know more are directed to the authoritative review of Beth and Guido
(2019) [3].
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2.3.1.1

Cancer

In cancer the role of autophagy is seemingly in contradiction, it can act to suppress
tumour development up to a point before switching to a tumour pro-survival role. In
essence, autophagy acts to protect the cell from cellular stresses. This helps to prevent
the accumulation of DNA damage, which can lead to cancer, but if a tumour has
established itself the protective effect is hijacked to aid the tumour’s survival [4]. Table
2.3 shows different cancers in which autophagy has been seen to play a role. It should be
noted that these studies probed LC3 levels in tissue samples which can be an indicator
of changes in autophagy activity but it is not clear if autophagic activity is increasing or
decreasing and if this change is a causal factor or result of the cancer. This abundance of
evidence for changes in the autophagy proteins’ expression profiles in cancers suggest
autophagy plays an important role in the development of these diseases and presents an
opportunity to utilise it as a treatment method. One of the main anti-cancer mechanisms
of autophagy is the induction of ACD (Section 2.2.2) which acts independantly of
apoptosis and therefore can kill cancer cells even if they have established apoptosis
resistance [102]. This can be seen in the fact that multiple anticancer therapies such as;
multiple chemotherapeutic drugs (alkylating agents, actinomycin D, arsenic trioxide),
radiation and photodynamic therapy, hormonal therapies (tamoxifen and vitamin D
analogues), cytokines (IFN-g), gene therapies (p53, mda-7/IL-24, and p27Kip1), and
natural compounds (resveratrol and plant lectins) have been shown to trigger ACD in
various cancer cells in vitro [103]. There are also dedicated autophagy-promoting drugs,
e.g. (−)-gossypol, which, as of writing, has been the subject of 11 clinical trials (8
complete, 3 in progress) [104, 105]. This induction of autophagy has to be treated with
caution, as these therapies run the risk of protecting more established tumours from anticancer agents [103]. Conversely, inhibition of autophagy to sensitise established cancers
to anti-cancer therapy is also an option. Reports have shown that elevated levels of
autophagy can promote high levels of apoptosis resistance in estrogen-receptor-positive
breast cancer cells [106]. There are also autophagic inhibitor drugs under clinical
trial, e.g. chloroquine (CQ) which acts to inhibit lysosomal acidification thus blocking
autophagy by preventing cargo delivery and digestion. CQ when used in tandem with
pro-apoptotic drugs has shown a twofold increase in median survival of cancer patients
suffering from chronic myelogenous leukemia [4, 107].
When looking at the genetic level there is a clear link between autophagy and cancer
as many oncogenes and tumour suppressor genes affect autophagic pathways. This in37

cludes multiple oncogenes acting to suppress autophagy (phosphatidylinositol 3-kinase,
activated Akt1, and anti-apoptotic proteins from the Bcl-2 family), and several tumour
suppressor genes acting to promote autophagy (BH3-only proteins, death-associated
protein kinase-1, the phosphatase that antagonises PI3K, and tuberous sclerosis complex
1 and 2). These genes are often found mutated in multiple cancers [108].
This link between autophagic activity levels and cancer staging is a prime target for
improved non-invasive autophagic detection to allow treatments to be custom-tailored,
via supplementary autophagy manipulating drugs, to the patient’s needs whilst avoiding
promotion of cancer progression.

Carcinoma

Reference

Lymphoma
Breast Carcinoma
Endometrial Adenocarcinoma
Head and Neck Squamous Cell Carcinoma
Hepatocellular Carcinoma
Gliomas
Non-small Cell Lung Carcinomas
Pancreatic
Colon Adenocarcinomas
Cutaneous and Uveal Melanomas

[109, 110]
[111]
[112, 113]
[114–116]
[117, 118]
[119]
[120]
[121]
[122–124]
[125, 126]

Table 2.3: Different carcinomas in which changes in ATG proteins (particularly LC3 and BECN1) have
been reported in immunohistochemistery studies as a prognostic factor in the detection of cancer.

2.3.1.2

Neurodegenerative Diseases

The role of autophagy in maintaining cellular homeostasis is especially important in
post-mitotic cells, where cells within the tissue of an organ such as the heart and brain
have no option for discarding and replacing damaged cells. This is evidenced by the
relatively high levels of basal autophagy in healthy neuronal cells compared to other
cell types [127].
One of the most widespread, and commonly recognised neurodegenerative diseases
is Alzheimer’s disease. With more than 520,000 people to date in the UK suffering from
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dementia caused by Alzheimer’s disease, and that figure set to rise with and ageing
population [128], the demand for treatments is an ever growing need. To this end,
multiple autophagy manipulating compounds have been studied in the hope of finding
good drug candidates for clinical trials [129].
Autophagy is thought to have a protective role in neurodegenerative diseases where
it acts to protect neurons from oxidative stress, and can act to sequester large formations
of aggregated proteins. Due to their size, autophagy is the only method cells have
to clear out macro-protein aggregates. This specific type of autophagy is known as
aggrephagy. Multiple aggregation-prone proteins such as amyloid-β, huntingtin, and
synuclein alpha are aggrephagy substrates [130]. It has been shown that overexpression
of beclin-1 in mice neuronal tissue leads to significantly reduced intracellular and
extracellular Amyloid-β [131]. This combined with the exceptional frequency by which
gene mutation in the autophagic, and lysosomal, pathways result in neurodegenerative
effects in patients of all ages, shows a clear role for autophagy in the pathology of
these diseases [129]. Autophagosomes are seen over-represented in neurodegenerative
disease patients neuronal tissue, suggesting a loss of function of the lysosomal fusion and
clearance stage of the autophagy process. This combined with the fact that autophagic
activity trends downwards as we age, suggests that autophagy is acting to suppress
neurodegenerative diseases, and it is the reduced level of functional autophagy in old
age which allows the disease to take hold [5, 129]. Because of this, there is an active
field of research in the uses of autophagic manipulating drugs as treatments for these
diseases.
Since neuronal biopsies are not an option for diagnostic purposes, by using a cranial
window and Raman probe, Raman spectroscopy could offer a minimally-invasive
solution, that is non-destructive to the neuronal tissue, for determining the levels of
autophagy within a patient’s neuronal tissue.

2.3.1.3

Cardiovascular Disorders

Considering the fact that heart disease is the number one cause of death in the western
world [132], there have been great efforts in the cardiology field to better understand
the disease mechanisms underlying these conditions. Autophagy plays an important
role in this thanks to its role in homeostasis of post-mitotic cells. This has led to an
abundance of research into the potential for manipulating autophagy for therapeutic
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gains [133–135]. For example, reduced levels of basal autophagy in the cardiomyocytes
can lead to heart failure [6, 136]. Whereas, increased autophagy can lead to excess
degradation of the cardiomyocyte cells triggering cell death [137].
Taking biopsies of the myocardium is a very invasive procedure for patients, so
non-destructive Raman could provide a method of measuring cardiac autophagy.

2.3.2

Autophagy Research In Industry

Chinese hamster ovary (CHO) cells are the predominant host cell line for the production
of biopharmaceuticals, a growing industry currently worth more than $188 billion USD
in global sales as of January 2020 [138], with nearly 70% of all recombinant therapeutic
proteins being produced in CHO cells. CHO cells are preferred because of their safety
against viral contamination, high specific productivity by gene amplification, efficient
post-translational processing of complex proteins, and easy adaptation to growth in
serum-free suspension [139]. Autophagy can play a key role in this, as its ability
to improve cellular homeostasis and prevent cell death, is a key selling point for its
application in bioreactors where cell viability has a massive impact on the quantity and
quality of the final product. Autophagy is often considered in its role as an anti-cell
death mechanisms, for increased cell viability, but can be overlooked by some as most
work surrounding cell viability revolves around anti-apoptosis engineering [138].
It has been shown that increased autophagy can increase cell viability in stressful
environments like bioreactors [7, 96]. This is thanks to the pro-survival aspect of
autophagy, especially under nutrient limited conditions. This is mostly limited by
feeding a reaction as in a fed batch culture, but this cannot completely alleviate cellular
nutrient stress. Better in-line/on-line monitoring can help to target the feeding regime
for these cultures and minimise unnecessary media expense whilst optimising yield,
and even avoid potential batch failure.
When it comes to the effect of autophagy on specific productivity (mass of protein produced per cell per unit time) of cells there is mixed evidence as to whether
increased autophagy helps or hinders specific productivity or whether external factors
overshadow autophagy. 3-methyladenine (3-MA), a common autophagy inhibitor, was
shown to increase the specific productivity of recombinant tissue-plasminogen activator
(t-PA) 2.8-fold [140] and monoclonal antibody [141] 2-fold in CHO cells although this
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was accompanied by an approximately 20% viability drop by the end of the culture.
However, Baek and colleagues [142] showed that out of nine autophagy inhibitors
only three (3-MA, dorsomorphin, and SP600125) yielded an increase in specific protein productivity (up to two times higher) of antibodies and Fc-fusion proteins. This
suggests that it is not the suppression of autophagy itself but a secondary effect of
these inhibitors. 3-MA has also been shown in fed CHO cells to have an autophagy
promoting effect which complicates any comparison [142]. RNA expression profiling
suggest that 3-MA increases the unfolded protein response (UPR) which re-establishes
protein-folding homeostasis under ER stress [143]. Alternatively, autophagy can be
suppressed genetically by the up-regulation of MTOR. Cells sense and adapt to their
environment through the PI3K/AKT/MTOR pathway which promotes proliferation
and the anabolic pathway by enhancing synthesis and inhibiting catabolism pathways,
primarily autophagy. Up-regulation of MTOR has been shown to increase specific
protein production [144, 145]. However, this does not show a specific link to decreased
autophagy as MTOR has multiple other functions within the cell.
Autophagy has been well researched in bio-production applications as there are
significant incentives to squeeze every last drop of efficiency out of these reactions.
With this interest in autophagy research there is an ever growing demand for better tools
for detecting and monitoring autophagy.

2.4

Autophagy Detection

With autophagy being a major cellular process with importance to many fields of
research, industry and medicine, there has been a wealth of protocols developed for
detection and monitoring of this process. Despite all of this research, there is no one
perfect method for detecting and monitoring autophagy. Dr Daniel Klionsky, along with
contributions from a wealth of researchers, highlighted this research. Their editorial
outlines the common protocols, along with their applicability and limitations [13]. This
in-depth review gives a comprehensive overview of the main protocols of autophagy
detection and monitoring, but it does not cover all of the new protocols, based on established techniques, being developed. These new protocols, while not groundbreaking, do
offer incremental improvement on the current well-established protocols. This review
covers the common methods used for autophagy detection along with their applicability
in different situations.
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2.4.1

Parameters of an Ideal Method

With autophagy being such a complex and essential part of cellular homeostasis, it can
be very difficult to study this response in a purely quantitative and completely isolated
manner. As with most biological processes, there is no one ideal method for the study
of autophagy, instead having multiple techniques each of which brings its own benefits
and drawbacks. An ideal method is therefore dependant on the needs of the experiment,
whether that be high levels of accuracy and certainty, or a fast and cheap process for
mass deployment.

There are eight aspects to an autophagy detection protocol and depending on the
situation some may hold more importance than others. These are; sensitivity, specificity,
reliability, applicability, invasiveness, scalability, cost and ease of use. Sensitivity is the
measure of how likely you are to detect an event, this is important in instances where
small levels of autophagy need to be assessed accurately. Specificity is the measure
of how well you can distinguish an event from similar but different events, this is
important in detecting autophagy in complex systems where multiple other process
(often involving the same components) are occurring. Reliability is the measure of times
a correct outcome is achieved compared to all tests carried out, this is important in
settings where many tests need to be carried out and there may not be time or ability to
confirm an answer. Applicability is the measure of how well a method can be generalised
to a new system, this is important in experiments where there is an aspect of novelty
(e.g. new cell type, new gene modification, etc.). Invasiveness is the measure of how
much damage is done to a sample, this is important in experiments where the sample
needs to be kept alive or where a sample is irreplaceable (e.g. certain medical samples).
Scalability is the measure of how well a method can be carried out in large numbers,
this is important in high-throughput applications such as drug discovery and medical
screening. Cost is the measure of the price of a method (both in regards to money and
cost to implement), this is important in experiments that need to be done many times or
for research where there is a lack of expendable resources. Ease of use is the measure of
the difficulty to carry out a method, this is important for those implementing the method
who are not experienced in the field.
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2.4.2

Electron Microscopy

Electron microscopy (EM) was crucial for the discovery of autophagy. Our understanding of this process evolved in tandem with EM techniques, allowing its differentiation
from previous biological processes involving vesicles and lysosomes.
The first electron microscope was constructed in 1933 by Ernst Ruska. It offered
up to 12,000X magnification and a theoretical resolution of <0.1nm [146]. This was
a vast improvement over the ∼0.17 µm of conventional light microscopes, although
it was not utilised in biological research for many years. It took the development of
new preparation methods, such as fixation with osmium tetroxide (OsO4 ) [147], to
allow biological samples to withstand high vacuum and bombardment with a highenergy electron beam while still maintaining their native structure. Autophagy was first
detected by transmission electron microscopy (TEM) in the 1950’s by the observation of
membrane-bounded bodies surrounding mitochondria [148–150]. Although these were
some of the first direct observations of autophagosomes/amphisomes/autolysosomes,
their function was still not fully understood, originally being proposed to be related
to the newly established concept of the lysosome [151]. It was not until 1963 that
Christian de Duve coined the word “autophagy” at the Ciba Foundation Symposium on
Lysosomes [152]. TEM was combined with other cytochemical techniques to elucidate
multiple stages in the autophagy pathway. By using specialised substrates, which could
be converted by enzymes to form electron dense precipitates, areas of high enzymatic
activity could be visualised by TEM [153]. Arstila and Trump used this method to
show that the early autophagic vacuole is devoid of acid hydrolase activity, and that this
digestive activity only comes after fusion with the lysosome [154].
TEM is still considered by many researchers to be the ’gold standard’ for autophagy
detection, as monitoring of ATG protein dynamics comes with the risk of mistaking
alternative or aberrant function of these proteins as autophagy. With TEM the presence of
double membrane autophagosomes can be verified which is a key indicator of autophagy.
The major drawback of TEM as a tool for autophagy detection is interpretation of
the results. TEM images of subcellular structure are not always clear and can easily
be misidentified. This combined with the laborious sample prep and highly toxic
reagents has led to a decline in the use of TEM for autophagy detection. The key
to identify autophagic vacuoles in TEM images is to have high enough resolution to
discern the double membrane structure surrounding the vesicles, from there further
43

interpretation can be done via examination of the content of the vacuole and its state
of degradation [155, 156]. Because of all of this TEM has been superseded by more
contemporary techniques and is rarely used in autophagy detection outside of complex
or novel systems/conditions where extra certainty is required to discern true autophagy
or nuances with the autophagy pathway. Outside of these scenarios, simpler techniques
are good enough to discern autophagic activation with an accepted level of sensitivity
and specificity.

2.4.3

Mammalian Homologs of ATG8

While there are many different proteins involved in autophagy (see Table 2.2), of these
autophagy genes the most widely used marker for autophagy is the LC3B protein. This is
part of the mammalian homologs of ATG8 family which consists of 2 major subfamilies:
MAP1LC3/LC3 and GABARAP. The former consists of LC3A, B, B2 and C, whereas
the latter family includes GABARAP, GABARAPL1 and GABARAPL2/GATE-16
[157]. LC3B as mentioned in Table 2.1 and Section 2.2, binds to the autophagosome
and acts as a cargo receptor. LC3B is widely considered to be the best marker for
autophagy but this should not be assumed for all systems or experimental setups [158–
160]. Commercially available anti-LC3B antibodies can also recognise LC3A, but not
LC3C. LC3C also has a DYKD motif that make it susceptible to cross-reactivity with
anti-FLAG M2 antibodies, so caution needs to be taken when implementing both in one
system [13]. LC3B will henceforth be referred to as LC3 for simplicity. GABARAP acts
separately in the elongation and closing of autophagosomes [45]. During autophagy LC3
is conjugated to PE, this causes LC3 to transition from a soluble protein, which is freely
dispersed in the cytoplasm and nucleus of the cell, to a membrane bound protein, which
clusters into distinct puncta in association with the autophagosomes as seen in Figure 7.1
[161]. This, along with LC3’s minimal roles outside of the autophagy pathway, makes
it the most ubiquitous autophagy marker, with its primary detection being fluorescent
microscopy and western blotting. While a positive test using LC3 is highly specific to
autophagy caution should be exercised in making a definitive interpretation, especially
in novel systems or conditions. For example, in rat hepatocytes it has been observed
that LC3 can be trafficked to the lysosome and digested without accompanying bulk
cytosolic cargo digestion [162]. Best practice on this is to validate any finding with
a secondary autophagy test which targets a different part of the autophagy pathway,
such as assessing the turnover of long-lived protein in the cell, however, for pragmatic
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reasons many researchers do not see the need for this extra level of certainty, especially
if the test is already established in the system being used.
2.4.3.1

Autophagy Protein’s Transcriptional Regulation

It is observed in yeast that ATG8 amounts increase almost 10-fold during autophagy
induction [163]. However changes in LC3 levels in mammalian cells are much less
predictable with most systems not showing any detectable changes. LC3 levels are
also cell specific; for example, the neuronal cell line SH-SY5Y cells ratio of LC3-I to
LC3-II is much higher than in other cells [164]. There has been evidence of changes
in autophagy gene expression when autophagy is induced. These include ATG7 [165,
166], ATG8/LC3 [167, 168], ATG9 [169], ATG12 [170], ATG14 [171] and VMP1
[172]. An autophagy-dedicated microarray has been developed for use in monitoring
the transcriptional changes in expression of autophagy mRNA [173]. Because of these
changes, assessing the mRNA levels of autophagy related genes during an experiment
can provide correlative data. Due to the lack of significant changes in autophagy genes,
and their cell/tissue dependence [74], it is not advised to use mRNA levels as an
indicator of autophagy unless there is a well-established protocol in the specific cell
system being used. These minor changes can further be hidden amongst noise in the
system as not all cells in a population will be undergoing autophagy, especially under
weak induction conditions, so any changes in mRNA may get averaged out when a
population is analysed [13]. There have been several studies on microRNAs and their
role in controlling autophagy. This is useful in understanding the genetic regulation
of autophagy, but this not to the point of being useful as a robust detection method
[174–185].
2.4.3.2

Autophagy Protein’s Post-Translational Regulation

Autophagy occurs mostly in the domain of the proteome with little involvement, at
least in mammalian cells [163], of transcriptional events (post induction). This means
that once autophagy is triggered there is little change in gene transcription, and most
autophagic events occur with preexisting proteins. Many autophagy protein undergo
post-translational modifications (PTM) such as phosphorylation, ubiquitination, acetylation, oxidation and cleavage. These PTM events can be monitored to understand the
status of each process, however most PTM events occur independant of autophagy
activation as more of a primer than a trigger [186–193]. Some of the most significant
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PTMs for autophagy detection are those surrounding the deacetylation of LC3 [194,
195]. This PTM allows LC3 to leave its nuclear pool and transition to the cytoplasm
where it can act within the autophagy process. It has even been shown by photobleaching/photoactivation that only nuclear LC3, and not cytoplasmic LC3, is involved in
autophagy [194]. This comports with the observation that autophagic activation leads to
global cellular deacetylation of protein. This can be measured by the use of quantitative western blotting and an antibody specific to acetylated lysine resides of proteins
[196]. This is seen to be due to the reduction in acetyl-coenzyme A (acts to provide
acetyle groups to acetyletransferase), with the same effect being seen in use of "caloric
restriction mimetics" which are known to trigger autophagy [197, 198]. While these
mechanisms have been well established there is not much in the way of clear protocols
for their use in autophagy detection.
2.4.4

Sample Preparation

Sample preparation will be different for different protocols but there are some common
points to consider when preparing any cells for analysis. When growing cells the
concentrations of serum can have a major effect on the amount of basal autophagy. This
is compounded by cytokines and hormones within the serum, though this can be avoided
by using dialysates of serum [13]. Autophagy response can also be different based on the
method of autophagy induction, for example cells with high levels of basal autophagy
are less affected by drug induction of autophagy [199]. Autophagy is a cellular response
to stress, this means that any stresses experienced by live cells in the preparation process
can lead to an autophagic response outside of the experimental parameters. This includes
extraction of the cells by trypsinization or scraping, temperature stress due to heating
or cooling a sample, oxidative stress on a microscope slide, or mechanical stress from
certification [13, 200]. Because of this it is advisable to perform any analysis on live
cells as soon as possible after extraction or, if live cells are not required, fix cells as
soon as possible after extraction. The type of fixation also needs to be considered
as methods such as ice cold methanol will strip the lipids from the sample and could
disrupt autophagic compartments. However, formalin fixation may lead to poor antibody
binding due to protein cross-linking. Formalin, if used after antibody binding can help
to stabilise the antibodies and prevent their loss in subsequent wash steps, but this
comes with the risk of stabilising off target binding [201]. There are similar concerns
when using detergents in sample preparation as it can lead to protein aggregation [202].
Plasmid transfection or nucleofection can also lead to stress and autophagic activation
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so any protocols using this should allow an appropriate recovery time for the cells [13,
203]. All in all, best practice should be to follow pre-established protocols for a specific
experimental system and use appropriate controls where applicable.
2.4.4.1

Autophagy Activity Manipulation

With any experimental setup appropriate controls need to be put in place. Testing
protocols for autophagy detection in reliably autophagy positive conditions or running
an experiment with the whole autophagy pathway or just autophagic flux suppressed.
To this end researchers have catalogued the main conditions/affects that could lead
to a change in cellular autophagy. The most common method to induce autophagy in
cultured cells is amino acid "starvation" in Earls Balanced Salt Solution (EBSS) for 2-4h
[199, 204]. Alternatively, cells can be grown in 1% oxygen (hypoxia) for 2-8h, glucose
can be removed from the media, or serum can be removed for for 12–24h. To achieve
the best mimic of physiological ischemic stress the combination of glucose deprivation
with hypoxia is best, although this will lead to markedly reduced cell viability [199].
These conditions are not universal for all cell types with some being more resistant to
low media nutrient content than others, such as CHO cells being able to be readily adapt
to serum-free media [205, 206]. There is also a range of chemical inducers of autophagy
such as; Rapamycin, Torin1 or trehalose. There are multiple other compounds that can
induce autophagy but these are some of the most common and well studied ones. Both
Rapamycin and Torin1 act to inhibit MTOR directly [207, 208] while trehalose blocks
glucose import via inhibition of SLC2A transporters leading to glucose starvation and
up-regulation of autophagy [209].
Alternatively, autophagy may need to be inhibited. This can be done via normal
growth in full feed media (standard growth media for the specific cell line with all
required nutritional additives), although this will only reduce autophagy down to its
basal level and not completely inhibit the process. For this chemical inhibitors are
needed such as 3-MA or wortmannin. Both of these chemicals inhibit the PIK3C3,
although wortmannin also inhibits Phosphoinositide 3-kinase (PI3K). This effectively
stops autophagy at the early stages [210]. Caution needs to be taken with 3-MA as it
has been observed that under starvation conditions 3-MA can act as an autophagy flux
promoter through compensatory activation of the UPR [143]. It should be noted that any
manipulation of autophagy does not occur in a vacuum and other compensatory cellular
responses can be triggered in the event of autophagy suppression/over-activation.
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2.4.4.2

Autophagy Gene Manipulations

There are multiple transcription factors which can both promote and suppress autophagy. Transcriptional factors such as; transcription factor EB (TFEB), forkhead
box transcription factors class O (FOXO), P53, BCL2/adenovirus E1B 19 kDa proteininteracting protein 3 (BNIP3), farnesoid X receptor (FXR), E2F1 and nuclear factor
kappa-light-chain-enhancer of activated B cells (NF-kB) have been shown to have roles
in manipulating the autophagy response [211]. However these transcription factors
can have differing effects under nutrient rich or starvation conditions and may exhibit
unexpected behaviours if over-expressed or deleted due to often being involved in other
pathways aside from autophagy.
The most common form of autophagic gene manipulation seen in research is gene
knockouts to eliminate autophagy. This allows researchers to see if autophagy is affecting their experiments. The most common gene deletion is ATG5 as this is an early stage
autophagy gene and has been shown to effectively suppress the autophagy response. It
has been shown that there is not detectable LC3-II in ATG5-/- cells [212]. While this
is often the only gene deleted in many experimental setups, some argue that at least
two different autophagy genes should be deleted to ensure complete suppression of
the autophagic pathway [13]. Other genes can be knocked out such as ATG13-/- which
suppresses basal and starvation induced autophagy in DT40 cells [213]. While in cell
culture certain gene deletions can often be seen to have little to no phenotypic effect,
in animal models many core ATG gene deletions are lethal. Deletion of ATG3, ATG5,
ATG7 ATG9a, ATG12, or ATG16l1 are lethal in mice, with other ATG gene deletions
resulting in increased disease prevalence in adulthood [214].

2.4.5

Fluorescent Microscopy

Fluorescent microscopy is one of the two main methods for autophagy detection. Similarly to EM, fluorescent microscopy looks for the presence of autophagic compartments
within the cell. This is done via tagging fluorescent probes to specific ATG proteins
and monitoring their cellular dynamics. There are multiple targets which can be used
with fluorescent microscopy to monitor the autophagy process. As mentioned before,
green fluorescent protein tagged LC3 (GFP-LC3) is the most common marker for this
[13]. The changes in LC3 distribution are relatively easy to see under a low resolution
microscope, however, higher resolutions are needed if accurate counting of LC3 posi48

tive puncta (autophagosomes) is required for quantification or movement tracking in
autophagy flux analysis.
2.4.5.1

LC3 Tagging

LC3 is the most commonly fluorescently tagged protein for autophagy detection. However, it should be noted that the GFP must be tagged on the N terminus of LC3. This is
because LC3 undergoes a post-translational cleavage of its 5 C terminal amino acids
(proLC3 to LC3-I) by ATG4 (Figure 2.8 D). Despite this, many research papers will
write out ’LC3-GFP’ in their methods, even when they have correctly used GFP-LC3.
This should be avoided to reduce the risk of confusion for researchers not familiar with
the field, as a C tagged GFP molecule will be cleaved from the LC3 molecule and
remain disperse in the cytoplasm even when autophagy activity is elevated [215]. There
have not been any major issues found with tagging GFP to LC3, despite the fact that
the GFP dwarfs LC3 (26kDa to 14kDa), although no literature exploring this could be
found. Despite this size difference there have been even larger constructs which add a
further red fluorescent protein (RFP) to the protein forming the tandem fluorescent LC3
(tfLC3) probe GFP-RFP-LC3 [216] and there have been no major issues found with
this massive size imbalanced molecule.
2.4.5.2

Defining Autophagic Activation

Despite this change in fluorescent distribution being relatively easy to see, there is no
hard boundary between baseline and autophagy. As with nearly all biological processes,
autophagy has an analogue mode of functionality with different conditions yielding
different levels of activity. Because of this, most researchers will have to set an arbitrary
threshold for what is considered significant autophagic activation for their research
question. This lack of a hard boundary is best illustrated in time-lapse imagery of GFPLC3 positive cell undergoing autophagy (supplementary movie S1 of [217]). This is
further complicated by the fact that autophagy is never fully switched off in cells, unless
something has gone wrong. Because of this, some GFP-LC3 positive puncta can be
seen in cells under non-autophagic conditions (non-autophagic in this context meaning
a condition that does not induce an up-regulation in autophagic activity beyond basal
levels). This basal autophagy varies in different cell types such as neuronal tissue where
there is a much higher level of basal autophagy [5] (section 2.3.1.2). For experiments
where autophagy is manipulated to see downstream effects this lack of a clear boundary
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is not a problem as most researchers will use very harsh autophagy induction methods.
Most common being amino acid "starvation" in EBSS for four hours [199, 204] or
activation using rapamycin [218]. However these conditions are not representative of
what happens in most organisms/industrial processes, so can only serve as a model.
Having a more graduated scale of autophagy activity would help to standardise research
in this field.
2.4.5.3

LC3 Puncta Analysis

The main method of quantifying autophagy activity is to measure the conversion of
LC3-I to LC3-II. This can be done using fluorescent microscopy by counting the number
of LC3 positive puncta, where the free LC3-I has been converted to LC3-II and become
bound to the autophagosomal membrane. This however is a crude method at best,
only showing half the story. Klionsky et al. (2016) [13] highlight this, noting that the
number of LC3 positive puncta (marker for the number of autophagosomes in GFP-LC3
expressing cells) only gives a snapshot of autophagy, and that care is needed to account
for the degradation of GFP after the fusion of the autophagosomes with the lysosomes
(see Section 2.4.5.9 for more detail). Once an image is acquired the puncta can be
counted, however this can be a very laborious task and can require a level of human
interpretation which may bias the results. One method to avoid this is to rely on an
automated counting algorithm [219, 220], which can count the puncta of many cells with
much greater levels of reproducibility, although the accuracy of the count will depend
on the algorithm and its parameters. The use of automated counting also improves
accuracy by allowing a massive number of cells to be averaged. These algorithms can
also preform other compensatory adjustments to the count to better reflect autophagy
activity. This includes segmenting the cells so a population distribution of LC3 puncta
counts can be seen, this affords a greater understanding of the autophagy dynamics
across the whole cell population, or a greater understanding of autophagy distribution
in complex tissue samples. This also allows the puncta count to be normalised to the
cytoplasmic volume so cell size does not skew the results. These automated algorithms
have also been used to asses more complex images such as those from combined GFPLC3 and RFP-LC3 signals as an assay for autophagy flux (expanded upon in section
2.4.5.9) [221].
One change in the fluorescent signal of autophagic cells is a marked drop in the
nuclear GFP, as the LC3 molecule is trafficked to the cytoplasm [194]. However this
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signal change is not always present in cells and cannot be reliably used to monitor
autophagy. One consideration is that under normal conditions the LC3 is spread very
evenly across the cell showing little preference for the nucleus or cytoplasm. When LC3
is over-expressed this changes and there is a marked uptick in the nuclear pool of LC3
as compared to the cytoplasm. While this is a good indicator of autophagy it should not
be used as a full measure of the process [13].

2.4.5.4

Confocal Microscopy

While a simple 2D fluorescent microscopy picture is good enough for most research,
further accuracy can be achieved via collection of a 3D image. This can be achieved
by acquiring Z-stacks of your sample and stitching them together to create a 3D model
of your cells. While this is more accurate on a per cell basis, the benefits are minimal.
Using 2D scans will often pick up most to all puncta in a cell as the vertical resolution
of most microscopes is very large, often spanning most to all of the cell due to out
of focus light not being effectively filtered out. This means in a practical sense no
matter how deep the GFP positive autophagosome is in the cell it should be detected
by the microscope. This is not the case in applications where there is very high Z
resolution such a confocal microscopy. Therefore, using confocal microscopy a 3D
model can be created which allows overlapping puncta to be resolved and a slightly
more accurate volumetric estimation of the cytoplasm to be carried out, but this is at
the expense of massively increased image acquisition time. This extra time can lead to
photodamage of the cells, or in unfixed samples, a change in dynamics of the cell and
of the autophagosomes. This problem is compounded when using multiple fluorophores
such as with tfLC3 (expanded upon in section 2.4.5.9) where two colour channels will
need to be later aligned to one another [216]. This can be alleviated somewhat via the
use of faster acquisition methods such as spinning disk confocal microscopy [222] or by
introducing larger amounts of trans-gene/brighter fluorescent protein variants to yield a
higher fluorescent intensity and therefore require a shorter acquisition time [13]. There
is also a need for dedicated programs to handle the image data, and in the cases of large
sample, specialised high memory computers to process the files. These drawbacks give
3D imaging of the cells a very niche benefit. If time is not a factor, e.g. using a fixed
sample with a relatively photo-stable fluorophore, then confocal microscopy can yield
very high quality images for better analysis.
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There has been work done with autophagy and super resolution microscopy but this
mostly revolves around research to better understand the intricacies of autophagy and
not as a simple method to probe for the presence of autophagy [223–225].

2.4.5.5

Background LC3-I Signal

As autophagy proceeds the soluble cytoplasmic LC3 (LC3-I) is converted to insoluble membrane bound LC3-PE (LC3-II). The LC3-II is then bound to the forming
autophagosomes before they are matured and trafficked to the lysosomes. This results
in LC3 being preferentially digested by autophagy when compared to non targeted
cellular proteins. While new LC3-I is synthesised and converted during autophagy to
replace the LC3-II being trafficked to the lysosomes and digested, this is often not
sufficient to replace all the digested LC3-II. This can best be seen in time course LC3
western blots (expanded upon in section 2.4.6) where the LC3-I band is diminished
over time (Figure 2.8 A) [13, 226]. This is manifested in fluorescent microscopy by the
background diffuse green of the soluble GFP-LC3-I slowly disappearing over time, and
the overall GFP intensity falling, unless autophagy flux is blocked. This background
GFP signal can make it hard to distinguish GFP positive puncta in a cell, especially
when there is a very high level of GFP expression. To counter this the soluble LC3-I can
be washed out of the cell by the uses of a detergent wash. The most common of these
detergents being saponin [227, 228]. It should be noted that the saponin wash should be
optimised to prevent residual LC3-I being left in the cell or disruption of the LC3-II
positive autophagosome. The use of saponin can allow much more sensitive detection
of a small amount of LC3 positive puncta that may be drowned out by background
fluorescence. This works well as the saponin permeabilization step in immunostaining
protocols can have the same effect, with the added bonus of not needing to transfect a
reporter construct. There is however, evidence that saponin can induce non-autophagic
GFP-LC3 puncta formation which would bias any autophagy measurements. This also
extends to other detergents such as CHAPS, Triton X-100 or digitonin [202]. This poses
a problem for any detection protocol that utilises detergent washing/permeabilization
steps, such as immunofluorescence. This overall drop in GFP signal during autophagy
can itself be used as a marker if enough cells are analysed. This combined with detergent wash can give a relatively accurate picture of the levels of LC3-II in the cell after
autophagy induction. This LC3-II quantification is best achieved using flow cytometry
[228] (expanded upon in Section 2.4.5.10).
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2.4.5.6

Non-Autophagic LC3 Aggregation

Non-autophagic LC3 aggregates are not only a problem when using detergents, they
also have been shown to occur spontaneously in cells [229, 230]. These autophagy
independent LC3 aggregates can be caused by either an over-expression of LC3, or
by LC3’s inclusion into pre-existing aggregates within the cell. Because of this, care
should be taken when attempting to quantify autophagy via counting LC3 puncta.
Appropriate controls can be put in place, such as using a lipidation-defective LC3
mutant where glycine 120 is mutated to alanine which is targeted to these aggregates
independently of autophagy [13]. One attempt to circumvent this problem was proposed
by Dr You-Kyung Lee and colleagues (2017) [231]. Their method involved creating a
hybrid protein containing a GFP bound to an LIR and a hydrophobic domain. The LIR
would associate with the LC3 molecule and the hydrophobic domain would associate
with the plasma membrane. However, each of these on its own was not enough to create
a stable interaction and both would need to occur simultaneously. Only when the LC3
was converted to LC3-II and bound to the autophagosomal membrane would both interactions be able to occur. This allowed GFP to form puncta where the autophagosomes
are, and the hydrophobic domain prevented self aggregation of the reporter construct.
This probe was subsequently improved on by swapping to the LIR found in the RavZ
protein [232]. RavZ is a cysteine protease that is secreted from the intracellular pathogen
Legionella pneumophila into the cytoplasm of host cells and irreversibly delipidates
LC3-II proteins in autophagic membranes by hydrolyzing the amide bond between the
C-terminal glycine residue and an adjacent aromatic residue, impairing autophagosome
formation and ultimately inhibiting xenophagy in host cells [233]. Using a catalytically
dead mutant of RavZ allowed the expiation of its highly specific membrane bound
LC3-II targeting without delipidating LC3 and allowing autophagy to continue normal
function. While this method avoids the LC3 aggregation problem it still requires the
expression of a reporter construct within the cells.

2.4.5.7

Stable versus Transient Transfection

When probing the dynamics of any process in the cell, putting the cell under unnecessary
stress will inevitably bias the results. This is especially true for autophagy due to its
role in cellular stress responses and homeostasis [234]. For this reason, care needs to be
taken when over-expressing any gene, reporter or otherwise, while intending to measure
autophagy. Most gene transfections in mammalian research are done transiently using a
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plasmid expression system. This can have its drawbacks as most transfection reagents
such as lipofectamine can cause a stress response in the cell and lead to transfection
induced autophagy [235–237]. This can be mitigated by leaving a longer recovery period
between cell transfection and subsequent experiments, although this in itself may lead
to dilution of the plasmid, especially in fast growing cells. Another consideration is ER
stress induced autophagy caused by the over expression of reporter protein [238]. While
most common cell lines will tolerate this stress well, this can have a much greater effect
on more delicate cells. These problems can also be compounded by the non-uniform
distribution of plasmid DNA, leading to some cells receiving a much higher dose of
DNA than others. This is not a problem for population based analysis methods, such
as western blotting, but this can lead to bias in the sampling process for selecting cells
to analyse from fluorescent images. If cells are not chosen completely randomly, e.g.
if there is a preference towards brighter cells for better signal and image clarity, then
the analysis may be biased to a sub-population of the cells which may not behave
the same as the population as a whole. This can be overcome by ensuring complete
randomness in cell selection or by collecting a significantly large set of cell samples
as to ensure a representative slice of the whole population (e.g. by flow cytometry or
large image analysis). Another strategy to counter this would be to use an episomally
stable plasmid. These are plasmids which have a viral origin of replication (ORI)
and can utilize host cell DNA replication machinery to copy themselves and persist
beyond the point at which non-replicating plasmids would be diluted out of the cells.
However, without proper controls on the replication, these plasmids can keep copying
themselves independently of the host cell cycle and eventually lead to host cell death
[239]. There are stable mammalian episomal vectors available but they require internal
viral components to be expressed by the host cell such as; the Epstein–Barr virus (EBV)
nuclear antigen 1 or the SV40 large-T antigen (293E or 293T cells), which allow for
episomal amplification of plasmids containing the viral EBV or SV40 ORIs [240, 241].
Because of this, stable mammalian plasmids are useful but not always applicable to all
experimental setups. An alternative to plasmid expression is stable integration. This
allows the reporter gene to persist in the cells without dilution and at a consistent level.
Another benefit is that integrated genes often express at lower levels, which reduces
the risk of non-autophagic LC3 aggregation [229, 230]. This method also allows for
uniformity across the population of cells, as once the gene is stably integrated the cells
can be clonally selected to ensure all cells are from the same lineage and have the
exact same genetic insert location. This clonal selection allows for custom selection
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of a clonal cell with the desired GFP expression profile. Counting GFP-LC3 puncta
in clonal cells allows far fewer cells to be counted as there is less overall variability
in the population stemming from differing reporter DNA copies within each cell. On
the other hand, integrating anything into the genome of a cell is a random process.
This means that the DNA of your reporter construct could end up in the middle of a
critical gene, resulting in aberrant behaviour. For this reason an integrated gene should
be sequenced to determine its integration site which can then be analysed to see if
there is any obvious disruption of critical genes. Another method would be to use a
cell line with an integrated ’landing pad’. This is a construct that can be targeted by
the reporter construct to insert the DNA into a known location within the cell [242].
Stable integration is also not permanent, as many cells will attempt to reject the foreign
DNA if its expression is burdensome on the cell. Because of this, a selection pressure
is needed to keep the cells stable. This is often done by the reporter gene construct
having a antibiotic resistance gene, and the cells are grown in media supplemented with
the lethal antibiotic, so any rejection of the reporter gene will result in the cell being
selected against.

2.4.5.8

Immunocytochemistry

An alternative to transfection of GFP-LC3 is to use anti-LC3 antibodies to bind the
native LC3 protein. This offers multiple advantages due to the lack of any foreign gene
expression in the cells. However, this can also result in low signal in the fluorescent
image as endogenous LC3 has a low expression profile [74]. Care also needs to be
taken with regards to cell preparation to ensure the maximum specific LC3 binding.
Immunocytochemistry offers an alternative to GFP tagging which can circumvent the
problems of LC3 aggregation when overexpressed.
2.4.5.9

Autophagy Flux Analysis

As mentioned in Section 2.2, the fusion of the mature autophagosome to the lysosome
is referred to as autophagy flux. This however presents a problem in quantifying the
GFP-LC3 positive autophagosomes as once they fuse with the lysosome the internal
content, including any GFP, is quickly digested. The result of this is that any fluorescent
image taken will only give a snapshot of the process showing the currently undigested
autophagosomes and not a full count of all autophagosomes generated. In certain cells if
the autophagic flux is particularly strong then it can be difficult to see any GFP positive
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puncta. This can lead to the misinterpretation of low levels of autophagic activation
when the opposite is true. Because of these factors, an increase in GFP-LC3 positive
puncta in a cell can be caused by both an increase in autophagic activation or a decrease
in autophagic compartment turnover (lysosome fusion). Conversely, a decrease in GFPLC3 positive puncta can be caused by a decrease in autophagic activity or an increase
in autophagic compartment turnover.
To counter this, most researches will run controls where autophagy flux is blocked to
discern the rate of autophagy initiation. This is most often done via chemical inhibitors.
These inhibitors work via three methods; increasing the lysosomal pH (e.g. Bafilomycin
A1 , Chloroquine or NH4 Cl), blocking lysosomal protease activity (e.g. Pepstatin A,
Leupeptin, E-46d), or blocking autophagosome lysosome fusion (Bafilomycin A1 ) [164,
243–248]. As with any drug effective doses and side effects may vary in different cell
types, it is recommended to create a dose response curve and use that to calibrate the
minimal dose needed to inhibit autophagy flux [13]. Also any blocking treatments need
to be implemented for a minimal amount of time (1-4h) to prevent assay saturation
[249]. Alternatively, deletion of the lysosome-associated membrane protein 2 (LAMP2)
can achieve a genetic inhibition of autophagosome lysosome fusion [250]. Any genetic method, and by extension chemical method, needs to ensure that there are no
autophagy related side effects. For example deletion of LAMP2 needs to be targeted
to the LAMP2B splice variant as targeting other variants can have the unintended
consequence of inhibiting chaperone medicated autophagy which could lead to an
uptick in macroautophagy in a compensatory fashion [251–253]. A permanent genetic
blockage (e.g. knockout cell line) will have the unintended consequence of disrupted
cellular homeostasis which may result in poor cell health during normal growth as basal
autophagy flux will be inhibited resulting in prevention of long lived protein turnover.
To counter this researchers have used transient knockout via siRNA or an inducible
system using a tetracycline inducible expression (Tet-on) genetic switch [254].
There have been some clever protocols developed to directly measure autophagy flux
without inhibiting autophagosome lysosome fusion. These methods often rely on the
acidic/proteolytic nature of the lysosome to quench/digest fluorescent proteins. The most
common of these is the tfLC3 probe which uses both a GFP and RFP fused in tandem to
LC3. When the probe reaches the lysosome the GFP is preferentially quenched by the
low pH environment while the RFP is more resistant and continues to fluoresce. This
results in yellow (green + red) puncta for autophagosomes and red puncta for lysosomes
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(Figure 2.5) [216, 255]. While this allows for both autophagic activation and autophagic
flux to be analysed in tandem it is far from a perfect method. Firstly the construct
is very large at over 11kb for a standard vector [256], and the final protein being
approximately 67kDa (dependant on fluorescent protein variant used). This can not
only be harder to transfect but also places a large metabolic burden on the cells, which
if researchers are not careful could result in ER stress induced autophagic activation
[238]. This probe also relies on counting puncta, which does not lend itself easily to
high throughput methods. For that other methods have been developed which give a
clear fluorescent readout without the need for image analysis to quantify autophagy
structures. One such method is the use of Renilla reniformis luciferase tagged LC3
(Rluc-LC3). This method utilises the preferential degradation of LC3 by autophagy
as a measure of autophagy flux. This can be compared to Rluc-LC3G120A lipidation
deficient mutant which is unable to be associated with the autophagosome and thus
unable to be preferentially digested by autophagy. This mutant serves as a control and
comparisons of the two cell populations can allow for estimation of the autophagy
flux [257]. This method has been used to identify the autophagy modulation activities
of microRNA, siRNA, and small molecule libraries [174, 175, 179, 257–260]. One
major drawback of this method is the need to run two parallel cell populations to
be able to have a control measurement. Using fluorescent protein researchers have
adapted this method to use an internal control, GFP-LC3-RFP-LC3∆G [261]. This
method relies on the fact that the leading LC3 molecule will be cleaved by ATG4 thus
creating a 1:1 ratio of GFP-LC3 and RFP-LC3∆G. Same as before the RFP-LC3∆G
has the LC3G120A lipidation deficient mutation. With this construct, as autophagy flux
proceeds the levels of GFP drops but the levels of RFP remain the same, leading
to an increase in the GFP to RFP ratio in autophagic conditions. This method was
used to create a high-throughput screen for autophagy modulating drugs, and quantify
their autophagic flux activity [261]. These two methods however, can only quantify
autophagy flux as any blockage of the autophagosome lysosome fusion or lysosome
degradation will be indistinguishable from non-autophagic response. Also to allow an
internal control the vector and reporter protein for the GFP-LC3-RFP-LC3∆G protocol
are comparatively large and may induce ER stress if expression is too high in the cells.
These methods are useful for initial high-throughput screening but any results obtained
from them should ideally be confirmed with a more sensitive method. An alternative to
the large GFP-LC3-RFP-LC3∆G construct is the Keima autophagy biosensor which
works via a pH-dependant fluorescent protein. Dimeric Keima is excited at 440nm and
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in acidic environments (pH 4.5) at 586nm [262]. Regardless of excitation wavelength,
Keima emits at 620nm [263]. Another technique is to monitor non-membrane bound
LC3-II as when LC3-I is converted to LC3-II not all of the LC3-II is bound to the
autophagosomal membrane. This free cytosolic LC3-II (LC3-IIs) can be measured, and
a ratio between LC3-IIs and LC3-I can be measured. This ratio appears to correlate
with autophagy flux and can be measured without the need to block autophagosome
lysosome fusion/lysosome degradation [264, 265]. This method however, has only been
measured in isolated rat hepatocytes and LC3-IIs has not been observed in other cell
types including HeLa, HEK 293, and PC12 [13]. LC3-IIs also need to be extracted from
cytosolic fraction not total homogenates as to avoid contamination with the membrane
bound LC3-II. When GFP-LC3 is trafficked to the lysosome and degraded there is a
corresponding drop in the levels of GFP intensity, but this drop is not directly related
to autophagy because of the new synthesise of GFP-LC3. This is especially true if a
transient plasmid with a strong promoter is used as endogenous LC3 has a very low
expression profile [74]. One method to counter this is to only count the GFP from
a certain point using a photoactivateable fluorescent protein [266]. This allows the
autophagy flux detection to be run like a pulse-chase analysis.
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Figure 2.5: Formation of the puncta of pHluorin-mKate2-hLC3 during autophagy. pHluorin-mKate2hLC3 was expressed in Huh7.5.1 cells. The cells were incubated in the Krebs-Ringer buffer (starvation)
for 4h as amino acid starvation conditions in the presence of E64d and pepstatin A or control (DMSO).
10 µg/mL E64d and 10 µg/mL pepstatin A was used. As nutrient-rich conditions, cells were incubated
in full feed cultured medium (Nutrient-rich, 4 h). pHluorin-mKate2-hLC3G was also expressed in the
cells instead of the pHluorin-mKate2-hLC3 under the same conditions. “Merge” indicates the merging
of the green (pHluorin) and far-red images (mKate2). In the merged images yellow puncta indicate the
presences of autophagosomes as the pHluorin and mKate2 are presence resulting in a yellow colour. Red
puncta indicate autophagosomes after fusion with the lysosome as the green fluorescence of the pHluorin
has been digested resulting in only the red fluorescence of the mKate2 being visible. Figure reproduced
with permission from [255]

2.4.5.10

Flow Cytometry

When analysing cells the more cells that can be included in the analysis means there is
less impact from noise within the measurement. To this end many protocols utilising
flow cytometry to detect autophagy have been developed and many commercial kits are
now available for this purpose [228, 248, 267–271]. These methods mostly rely on a
change in fluorescence to assess the degradation of fluorescently tagged LC3 molecules
in autophagic flux, although there are some which can detect LC3’s localisation within
the cells to assess autophagic activation. The simplest method is to assess the drop in
GFP intensity during autophagy. This allows the detection of autophagy but only if you
have an appropriate control (e.g. a well-fed sample or sample treated with autophagy
flux inhibitor) (Figure 2.6) [267]. This need for a control also relies on there being
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relatively uniform expression of the trans-gene, as poor transfection can lead to a large
spread in gene distribution and difficulty drawing any meaningful interpretation from
the data. Using an internal control such as with the GFP-LC3-RFP-LC3∆G protocol
[261] can alleviate this and allow assessment in a single experiment where each cell
has a matched control signal. Alternatively, by treating the cells briefly with saponin
detergent the GFP-LC3-I can be selectively depleted from the cells, leading to the GFP
signal of only the GFP-LC3-II being present in the cells during quantification [228].
Lastly, there is the option of using multispectral imaging cytometry, which allows the
imaging of cells during the flow cytometry process [270]. While this method can detect
GFP-LC3 positive puncta within the cell, it is much less sensitive that conventional
microscopy because of the minimal time available to expose each cell (flow rates can
be as high as 1,000 cells/sec).

Figure 2.6: The delivery and degradation of GFP-LC3 into lysosomes following amino acid starvation is
detected and quantified by flow cytometry. CHO cells stably expressing GFP-LC3WT or GFP-LC3G120A
were incubated in αMEM (control) or EBSS (starvation) mediums for 6 hours in the absence or presence
of 3-methyladenine (10 mM), wortmannin (100 nM) or Bafilomycin A1 (100 nM). Decrease in the
fluorescent intensity in starved cells shows the presence of autophagy via the preferential digestion of
GFP-LC3. Figure adapted with permission from [267]

Flow cytometry is not fundamentally different from any other microscopy method
in its detection of autophagy. The main benefit being the ability to rapidly assess large
numbers of cells. This is different from microscopy imaging as each cell is imaged
separately, which also allows cells to be distinctly separated whereas in a fluorescent
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microscopy setup cells need to be segmented via image processing. This can be an
imperfect science, especially from images of highly confluent cell cultures, and often
a nuclear counter-stain (e.g. DAPI) is needed to help the algorithm identify all of the
individual cells. The benefit of conventional microscopy is in the assessment of adherent
cells, as these cells can be imaged without the need to be harvested from the growth
flask. This harvesting process entails significant membrane disruption which can induce
an autophagic response [13]. In flow cytometry there is also the ability to asses cell
morphology which can act as a secondary indicator of autophagy, e.g. autophagic
cells tend to be smaller that their non-autophagic counterparts [97, 272]. However,
flow cytometry is only applicable to cells that are able to be suspended in solution, so
complex tissue samples may not be able to be separated into single cells without major
disruption of the individual cells.

2.4.5.11

Alternatives Proteins To LC3

While LC3 is the most commonly used protein for assessing autophagy it is not the only
protein that can be analysed via fluorescent microscopy. SQSTM1 is a binding protein
which forms a bridge between LC3 and cargo substrates of the autophagy pathway. It
has been seen to form puncta just like LC3 in immunohistochemistry (IHC) studies
on cancer cells [114]. SQSTM1 has also been shown to be depleted under autophagic
conditions due to its preferential digestion [273–277] although this change can be
cell line specific [259]. Ectopic ULK3 (an isoform of ULK1/ATG1) displays a puncta
pattern upon starvation-induced autophagy [278], however ULK3 lacks the domains for
interaction with ATG13 and RB1CC1 so acts differently to ULK1 [23].

2.4.5.12

Alternatives to Puncta Analysis

Counting GFP positive LC3 puncta is the most widely used fluorescent microscopy
technique for autophagy detection. However as mentioned in Section 2.4.5.3 this can be
a laborious task which can be rife with inaccuracies. While there are many alternatives
to puncta analysis most of these are specific for autophagy flux and rely on the full
functionality of the autophagic lysosomal degradative pathway. This leads to a blind spot
in conditions with increased autophagic activation but impaired autophagic degradation,
especially if alternative protein degradative pathways are up-regulated in response
giving the illusion of autophagic flux.
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Since the early stages of autophagy are marked by the construction of autophagic
machinery to act in the sequestering of autophagic cargo, there is an option to use
fluorescence resonance energy transfer (FRET). This has been employed to monitor
ATG4 activity in cells in a high-throughput manner [279]. FRET has also been used to
monitor autophagy more directly via interactions between LC3-II and GD3 ganglioside,
which is considered as a paradigmatic raft constituent, and actively contributed to
the biogenesis and maturation of autophagic vacuoles [280]. Another study used the
supramolecular FRET pair based on the ultrahigh binding affinity between cyanine
3 conjugated cucurbit[7]uril (CB[7]-Cy3) and cyanine 5 conjugated adamantylamine
(AdA-Cy5). This study found that CB[7]-Cy3 and AdA-Cy5 were intracellularly translocated and accumulated in lysosomes and mitochondria respectively, which allowed their
FRET reaction to only occur in the presence of mitophagy (although this FRET method
only works for autophagy flux) [281]. The final two studies used direct measures of
autophagy. The first by targeting the LC3-I to LC3-II conversion via a conformational
change in the LC3 molecule upon lipidation and membrane association and therefore a
subsequent change in specific antibody affinity [282]. The second relies on antibodies
targeting the LC3-II and SQSTM1 molecules [283]. Both of these methods give a FRET
signal upon autophagy activation without the need to undergo autophagy flux, although
flux blockage is often needed to reliably see this signal in cells with highly efficient autophagy flux. Also these methods rely on antibody binding which can have its problems
especially for different cell types where there can be minor or major differences in the
LC3-II and SQSTM1 molecules (see section 2.4.6 for more on working with antibodies).
No plasmid based FRET sensor for autophagy is to be found in the literature at the time
of writing.
2.4.5.13

Autophagosome and Lysosome Dyes

A simple alternative to fluorescent proteins is fluorescent dyes which can be used to label
specific components and compartments of the cell without the need for transfection,
cellular over expression, or antibody staining. Dyes such as monodansylcadaverine,
acridine orange, Neutral Red, LysoSensor Blue and LysoTracker Red can be used to
track acidified compartments in cells. This allows staining of the lysosomes which
can visualise autophagy in certain systems (Figure 2.7). Many lysosome stains will be
specific to acid compartments as they function on the principle of being acidotrophic,
due to containing weakly basic amines that accumulate in acidic organelles [284].
These lysosome dyes are well-established and come in a range of excitation-emission
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combinations. It should be noted that autophagy detection using just an acidotrophic dye
is not possible for all cells, and many researchers use these dyes only as supplementary
stains for tracking lysosome along with a dedicated autophagosome tag such as GFPLC3 [285–287].

Figure 2.7: Live fat body tissues from Drosophila were stained with LysoTracker Red (red) and Hoechst
33342 (blue) to stain the nucleus. Tissues were isolated from fed (left) or 3-h starved (right) animals.
Scale bar: 25 µm. Figure reproduced with permission from [13]

There is a commercial kit for dedicated autophagosome staining, CYTO-ID kit by
Enzo Life Sciences, which contains an cationic amphiphilic tracer that stains lysosomes
minimally while maximising the fluorescence of autophagosomes [288], although the
correct titration of dye is paramount to obtaining accurate staining. This dye is ideal
as most stains that can target the autophagosome also stain the lysosome, this makes
it impossible to count only the autophagosomes and get an accurate quantification of
autophagy [289].
2.4.6

Western Blotting

Similar to using GFP-LC3 in fluorescent microscopy to see the distribution of LC3, and
thus its conversion from LC3-I to LC3-II, LC3 conversion can be detected via western
blotting. Despite the mass of LC3-I and LC3-II being virtually identical they migrate at
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different speeds through a SDS-PAGE gel. This is likely because the lipid tail of LC3-II
increases the hydrohobicity of the molecule, resulting in a faster migration through
the gel [290]. This difference in electrophoretic mobility allows quantification of both
LC3-I and LC3-II independently; Figure 2.8 A and C shows this separation. From
the quantification of the conversion of LC3-I to LC3-II a quantification of autophagic
activity can be elucidated. While this is a very specific method, there are still many
caveats to its use in many experimental setups.
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Figure 2.8: LC3-I conversion and LC3-II turnover. (A) Expression levels of LC3-I and LC3-II during
starvation. Atg5+/+ (wild-type) and atg5-/- MEFs were cultured in DMEM without amino acids and
serum for the indicated times, and then subjected to immunoblot analysis using anti-LC3 antibody and
anti-tubulin antibody. E-64d (10 µg/ml) and pepstatin A (10 µg/ml) were added to the medium where
indicated. Positions of LC3-I and LC3-II are marked. (B) Lysates of 4 human adipose tissue biopsies
were resolved on 2-12% polyacrylamide gels. Proteins were transferred in parallel to either a PVDF
or a nitrocellulose membrane, and blotted with anti-LC3 antibody, and then identified by reacting the
membranes with an HRP-conjugated anti-rabbit IgG antibody, followed by ECL. The LC3-II/LC3-I ratio
was calculated based on densitometry analysis of both bands. *, P < 0.05. (C) HEK 293 and HeLa cells
were cultured in nutrient-rich medium (DMEM containing 10% fetal calf serum) or incubated for 4 h in
starvation conditions (Krebs-Ringer medium) in the absence (−) or presence (+) of E-64d and pepstatin at
10 µg/ml each (Inhibitors). Cells were then lysed and the proteins resolved by SDS-PAGE. Endogenous
LC3 was detected by immunoblotting. Positions of LC3-I and LC3-II are indicated. (D) Sequence and
schematic representation of the different forms of LC3B. Figure reproduced with permission from [13]
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2.4.6.1

Western Blot Sample Preparation

When preparing samples for western blot analysis the samples should be analysed as
soon as possible, as LC3-I can be susceptible to degradation by freeze-thaw cycles.
In addition, LC3-I can be susceptible to degradation in sodium dodecyl sulfate (SDS)
sample buffer so fresh samples should be boiled and assessed as soon as possible to
minimise LC3-I loss. This boiling can also help to denature other proteins of interest
such as GFP in as GFP-LC3 blot [13]. Fully solubilizing LC3-II before gel loading can
be difficult in some systems [291] and heating in the presence of 1% SDS or separating
the autophagosomes via subcellular fractionation [292] may be needed to get an accurate
quantification of LC3-II. Once the sample is prepared it should be loaded onto a suitable
running gel. Due to the small size of the LC3-I and LC3-II proteins and the small
difference in their electrophoretic mobility, with LC3-I migrating to approximately 1618kDa and LC3-II migrating to approximately 14-16kDa, a high percentage gel should
be used to best resolve the two bands [13]. When selecting a membrane for transferring
the protein gel to, it is generally recommended to use one with a small pore size as
LC3 is a relatively small protein at just over 14kDa. Figure 2.8 B shows that LC3-II
binds better to a polyvinylidene fluoride (PVDF), this is assumed to be because the
PVDF membrane has a higher affinity for hydrophobic proteins [13]. While autophagic
activity can be measured from the ratio between LC3-I and LC3-II, this ratio still needs
to be normalised to a housekeeping protein (HKP). Not all HKPs are suitable for this
as some may be more preferentially digested during autophagy, leading to a bias in
normalisation [13] and some HKPs may overload the gel due to a poor dynamic range of
quantification [293]. This can be countered by taking multiple different exposures of the
gel or by using a total protein stain such as Coomassie Brilliant Blue and Ponceau Red
or using a stain-free gel [293–295]. Finally, care needs to be taken when quantifying any
bands of a western blot as the dynamic range of quantification is quite small and visually
quantifying bands can be very subjective [13, 296]. It is recommended to take multiple
different exposures of the gel to try and get a linear range for the protein quantification,
additionally computer software can be used to give a more reliable quantification of
band seen on a gel [13, 297].
When preparing a sample for autophagy, whether it is a cellular sample or a tissue
sample, fractionation can be used to enhance the separation of free soluble LC3-I and
membrane bound LC3-II. Subcellular fractionation using differential centrifugation
can allow the separation of small organelles such as the mitochondria and autophagy
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compartments from large organelles such as the nucleus, ER or Golgi apparatus. This
level of separation allows for the discernment between LC3-I and LC3-II as the later will
be captured in the autophagic compartments [298]. The separation of LC3-I and LC3-II
is useful for quantification in samples where there is a large imbalance between the
two, such as brain tissue [13]. This can also be taken further with gradient certification
which can allow the separation of individual components of the autophagy pathway
such as autophagosomes, lysosomes and autolysosomes. This has been done in both rat
[299, 300] and human liver [301]. While fractionation method is excellent for getting
specific quantification of different autophagic compartments in the cells, it is a laborious
process with the chance that disruption of the autophagic compartment could be caused
by improper sample preparation, thus leading to inaccurate quantification. Because of
this fractionation methods should be left to experimental setups where there is a clear
need for them.
2.4.6.2

LC3-II Detection and Autophagy Flux

One of the main difficulties in using LC3 western blot is highlighted in Figure 2.8 C.
When LC3-I is converted to LC3-II and associated with the autophagosome, it is very
quickly trafficked to the lysosome and degraded. This results the LC3-II being digested
soon after it has been created. If the flux through the autophagy pathway is very efficient
then it can be difficult to spot any LC3-II at all on a western blot [226, 302]. To enhance
the signal of LC3-II, autophagy flux can be blocked by a lysosomal fusion blocking
agent. This is a drug, or genetic mutation, that will inhibit the fusion of the mature
autophagosome and the lysosome, resulting in an accumulation of autophagosomes
and thus an accumulation of LC3-II; examples of such drugs are Chloroquinin [303],
Bafilomycine A1 [304] and Pepstarin A [13]. While this allows better visualisation
and quantification of the LC3-II bands, and thus the LC3-I/LC3-II ratio, it should be
noted that this only shows half the story. Any information gathered from this should
only be used as an indication of autophagy induction and not of autophagy flux. Most
experiments should be performed both with and without a flux blocking agent present.
Any drugs used to block autophagy flux have the possibility of off-target effects and
should be assessed in the system being used prior to experiments with autophagy.
An alternative method for the detection of autophagy flux utilises the relative
degradation resistance of GFP. With GFP-LC3 the LC3 component of this chimera
protein is much more susceptible to degradation than the GFP when inside the lysosome.
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This allows the detection of GFP-LC3 and free GFP on a western blot to assess the levels
of LC3 delivery to the lysosome. This method has been shown to work in plants and
fungi [305, 306], where GFP-ATG8 is digested in the vacuole and certain mammalian
cells [254, 307]. It should be noted that, unlike yeast cell vacuoles [308], the lysosomal
pH of certain mammalian cells can interfere with this protocol and lead to hydrolysis
of the GFP molecule as well as the LC3. For this reason a non-saturating level of
a lysosomotropic compound (e.g. chloroquine, NH4 Cl) to neutralise the lysosomal
pH must be used. With this method a reduced intensity of the free GFP band may
indicate a reduction in GFP-LC3 delivery to the lysosome or lack of lysosomotropic
compound resulting in more efficient GFP turnover (Figure 2.9). For this reason a range
of concentrations of lysosomotropic compound should be used to distinguish between
these two possibilities [13]. This lysosomotropic compound incubation needs to be
relatively short, as non-saturating concentration of lysosomotropic compound may, over
longer periods of time (>6h), induce a secondary uptick in autophagy to compensate for
the lack of digestion and replenishment of key cellular components. This can also be cell
specific as certain cell lines have been shown under EBSS starvation to have particularly
low lysosomal pH [309]. Even with the addition of a lysosomotropic compound the
pH of the lysosome may still quench some of the fluorescence of the GFP, so levels of
GFP fluorescence from the lysosomes do not correlate with autophagy flux [310]. This
however, can be circumvented by fixation and incubation in a neutral pH buffer or by
using a pH stable fluorescent protein such as mRFP or mCherry [240]. However, as
with any enzymatic assay, the amount of starting substrate needs to be considered. If
one cell population has higher expression of GFP-LC3 then it will be difficult to make
accurate comparisons, especially with the nonlinear nature of western blot quantification.
This assay also is reliant on the internal surface area of the autophagosome, as this is
where the GFP-LC3 will be bound and exposed to lysosomal proteases. Because of this
other assays, such as Pgk1-GFP processing or Pho8∆60 (both of these assays are only
applicable in yeast), that use the volume of the autophagosome, will generally give a
more sensitive readout.
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Figure 2.9: GFP-LC3 processing can be used to monitor delivery of autophagosomal membranes. (A)
atg5-/- MEFs engineered to express Atg5 under the control of the Tet-off promoter were grown in the
presence of doxycyline (Dox; 10 ng/ml) for one week to suppress autophagy. Cells were then cultured
in the absence of drug for the indicated times, with or without a final 2 h starvation. Protein lysates
were analysed by western blot using anti-LC3 and anti-GFP antibodies. The positions of untagged and
GFP-tagged LC3-I and LC3-II, and free GFP are indicated. (B) Differential role of unsaturating and
saturating concentrations of lysosomal inhibitors on GFP-LC3 cleavage. HeLa cells stably transfected
with GFP-LC3 were treated with various concentrations of CQ for 6 h. Total lysates were prepared
and subjected to immunoblot analysis. (C) CQ-induced free GFP fragments require classical autophagy
machinery. Wild-type and atg5-/- MEFs were first infected with adenovirus GFP-LC3 (100 viral particles
per cell) for 24 h. The cells were then either cultured in regular culture medium with or without CQ
(10 M), or subjected to starvation in EBSS in the absence or presence of CQ for 6 h. Total lysates were
prepared and subjected to immunoblot analysis. (D) SH-SY5Y human neuroblastoma cells treated with
different autophagy modulating compounds; rapamycin (Rap) 1 M, E-64d, 10 g/ml, NH4Cl (NH4+) 10
mM, pepstatin A (Pst) 10 g/ml. Figure reproduced with permission from [13]
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One cautionary aspect to the LC3-I/LC3-II analysis is that in some blots LC3-I can
appear as two separate bands (Figure 2.9 D). This is thought to be due to cross-reactivity
of the anti-LC3 antibody with different isoforms of LC3. It is thought that this second
feint band below LC3-I is caused by binding to LC3A where as the main target of LC3-I
analysis is most often LC3B as mentioned in Section 2.4.3 [160].
2.4.6.3

LC3 Transfection

One key aspect of western blot analysis is that it is an analysis of the total protein within
a cellular population. This means that any western blot will only show an average of the
cells’ protein levels, which could hide incidences of autophagy if it is occurring in a
non-uniform manner, for example in a homogenised tissue sample containing multiple
cell types. This is also a problem if transfection efficiency is low in experiments where
a transfected gene is critical to the experiment as non-transfected cells will mask the
signal from the transfected ones [13]. Transfection can also be used to boost the LC3
amount in cells as LC3 often has a low endogenous expression profile [74], although
this can be cell specific. Alternatively, this can be a benefit in that a large number of
cells can be assessed with minimal effort in comparison to fluorescent microscopy, with
the caveat that western bolting will only give you a single value for the population of
cells so the deviation within the population cannot be assessed.
Low transfection efficiency can be circumvented by using a tagged LC3 which is
transfected then targeted in the antibody blotting, such as with an anti-HA tag [311–
314] or anti-GFP [309] antibody. This will ensure that only cells with the transfected
gene, if a single plasmid vector is used, will be represented in the western blot. If the
plasmid vector is too large then multiple plasmids can be used, but the more discreet
plasmid vectors used in a transfection the greater the risk that a cell will not receive all
plasmids, and not receive them in a balanced ratio which could bias experimental results.
Targeting a tagged LC3 also has the benefit of being able to use a more well-established
antibody if there are problems with anti-LC3 such as; it not being available for the
species or isoform of LC3 of interest, or there being poor binding or cross-reactivity in
the experiment.
2.4.6.4

Alternative Proteins To LC3

While LC3 is the most commonly used protein when monitoring autophagy, it is not the
only option; it is also possible to blot for GABARAP, a close relative to LC3. There is
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evidence that in certain cell types bulk cytoplasmic cargo sequestration via autophagy
can happen independently of LC3 but not of GABARAP [315]. However, due to it
not being used as frequently for autophagy detection, commercial anti-GABARAP
antibodies are not as prevalent as anti-LC3 antibodies, and not validated in as many
systems.
Another option is to monitor the decrease in SQSTM1 as this is a major component
of the autophagy system which links LC3 to ubiquitinated cargo, and because of this
is preferentially digested by autophagy [273–277]. This however is not true of all
cells and some cell types show no detectable change in SQSTM1 levels, even under
strong autophagic activation and flux as quantified by luciferase-based measurements
[259]. Alternatively, a decrease in SQSTM1 could occur in conditions of autophagy
flux blockage due to cleavage by caspases or calpains [316]. Further complicating the
results is the fact that SQSTM1 is transcriptionally up-regulated under certain conditions
[317–320]. An alternative to monitoring the SQSTM1 levels is to monitor the ratio of
SQSTM1 to BECN1, as BECN1 increase in protein levels is correlated with autophagy
[321]. Using a protein ratio can overcome the need for a loading control but one should
still be included to help draw accurate conclusions.
2.4.7

Other Methods

While fluorescent microscopy, western blot and electron microscopy are the main
methods used to detect and monitor autophagy, there are multiple other methods that,
while seeing less use in research, each have their own benefits.
2.4.7.1

Long-lived Protein Turnover

Long-lived protein turnover (LPT) aims to measure autophagy directly via the quantification of proteins which are not quickly digested in the cell. The major benefit to this
method is the direct measurement of autophagy cargo flux. While other methods measure autophagy pathway activation, LPT measures autophagy’s effects on the proteins
in the cell [322]. The basic approach to this is to use radioactive amino acids (e.g. [14 C]or [3 H]-leucine, [14 C]-valine or [35 S]-methionine) and measure the time-dependent
release of acid soluble radioactivity from the intact cells [322–324]. It has been noted
that leucine can have an inhibitory effect on autophagy [13]. An alternative method uses
L-azidohomoalanine labelling and flow cytometry to detect protein turnover [325–328].
Using non-natural stable isotopes such as 13 C and 15 N can allow for the degradation
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of thousands of proteins to be recorded simultaneously via mass spectrometry-based
proteomics and for differentials in autophagy protein and organelle preferences to be
quantified [329, 330]. The degradation of specific proteins can be followed by the use
of GFP tagging as mentioned in Section 2.4.6.2, where the free GFP and GFP-protein
chimera can be seen on a western blot. It is also possible to forgo labelling and measure
amino acid release via chromatography [331] but this will encompass all proteins not
just long-lived proteins.
Any labelling protocol needs to have a sufficient incubation period to label all the
long-lived proteins and a sufficient cold chase period where the cells are grown in
non-labelled amino acids to effectively replenish the short-lived protein. This helps
better measure autophagy as long-lived proteins are a better representation of autophagic
substrates. It is important to remember that this assay measures all forms of protein
degradation so appropriate controls with autophagy activity/flux blocking are needed
to make accurate quantification. This however runs into a secondary problem which is
if autophagy is suppressed in any way, non-autophagic protein degradation pathways
may be up-regulated to compensate. Any experiment run with non-autophagic protein
degradation pathways block (e.g. proteasome inhibitors) may have the reverse effect
of activating autophagy so any experiments with these additional inhibitors need to
be assessed carefully [332–335]. Also, the amount of measured amino acids released
from the cell are also dependent on protein synthesis as these amino acids may be
reincorporated into new proteins. This means that these methods assess protein turnover
not just protein degradation. A benefit of using radioactive amino acids or non-natural
stable isotopes as labels is their lack of effect on the cellular machinery, as they cause
minimal change to the biochemistry of the amino acids and by extension the proteins
they form. This is in contrast to over-expression of a fluorescent protein which can be
a significant burden on the cell and can itself be toxic to the cell in certain conditions
[336], and may require the use of perturbing transfection reagents to be incorporated into
the cells. The downside is that these labelled amino acids are much more expensive than
a fluorescent protein plasmid and require expensive specialised equipment to measure.
2.4.7.2

MTOR, AMPK, ULK1 Activation

Adenosine monophosphate-activated protein kinase (AMPK) is a serine/threonine
protein kinase that acts as a cellular energy sensor via its phosphorylation state. When
cellular levels of ATP drop and there is a concurrent rise in ADP and AMP, AMPK
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is activated, which leads to the activation of catabolic pathways (e.g. autophagy) and
the inhibition of anabolic pathways [337]. This activation of AMPK is mediated by the
phosphorylation of Thr172 on the al pha-subunit. This phosphorylation can be detected
via western blotting of the AMPK protein with a phosphospecific antibody [13]. The
role of AMPK in autophagy can be cell line specific; in liver cells AMPK activation has
been shown to inhibit autophagy [338], where as in many other cells it has been shown to
activate autophagy [13, 339]. AMPK can be inhibited pharmacologically by compound
C (Dorsomorphin) [340], but this drug has been shown in certain circumstances to
inhibit autophagy when AMPK is already inactivated [341], and activate autophagy
in an AMPK independant manner [342]. Because of this compound C should not be
used on its own as a conformational test for AMPK activation. Additionally, when
extracting proteins a suitable phosphatase inhibitor (such as sodium fluoride, or betaglycerophosphate) needs to be used to prevent dephosphorylation of the protein of
interest [13].
MTOR is the central regulator of cellular metabolism, growth, proliferation and
survival. It integrates signals from multiple sources such as; glucose/amino acid levels,
growth factors, WNT signalling and inflammation [78]. MTOR functions with its binding partners to form MTOR complex 1 (MTORC1) or MTOR complex 2 (MTORC2).
MTOR activity can be monitored by following the phosphorylation of its substrates such
as EIF4EBP1/4E-BP1/PHAS-I and RPS6KB/p70S6 kinase via antibody binding [343,
344]. This change in phosphorylation state of PHAS-I can be seen on a western blot as
a change in molecular mass [343]. It should be noted that changes in the phosphorylation of one MTOR target does not necessarily correlate with changes in other MTOR
targets. Increased MTOR activity does not always indicate a decrease in autophagic
activity as there are MTOR independant mechanisms of autophagy induction [345],
and suppression of MTOR does not always indicate an increase in autophagic activity
as autophagy can be suppressed via MTOR independant mechanism such as BECN1
phosphorylation by epidermal growth factor receptor (EGFR) and Akt [187, 346].
ULK1 (ATG1) is a central component of the autophagy pathway. Pharmacological
inhibition of ULK1 and ULK2 blocks macroautophagy and this blockage can be rescued
by expression of a drug resistant ULK1 isoform [347]. ULK1 is a direct phosphorylation
target of both AMPK and MTOR, where phosphorylation by AMPK promotes ULK1
activity and phosphorylation by MTOR at alternate phosphorylation sites inhibits the
binding of AMPK to ULK1 [16]. There are commercially available phosphospecific
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antibodies for ULK1 which can recognise specific phosphorylated residues such as
Ser555 (an AMPK phosphorylation site) and Ser757 (an MTOR phosphorylation site).
While ULK1’s phosphorylation state can be measured by molecular mass shift on a
western blot it should be noted that specific sites are targeted in the up-regulation of
autophagy but the overall amount of phosphorylated sites on ULK1 decreases with
autophagic activation. There is also the problem that ULK1 has a very low expression
profile in cells and can be a preferential target of autophagic degradation. This means
that it can be difficult to detect on a western blot [348]. Despite these drawbacks ULK1
kinase activity appears to increase irrespective of the autophagy induction pathway,
although there are non-autophagic processes which utilises ULK1 activity such as
axonal and dendritic development, so any interpretation on autophagic activity needs to
account for this [349].

Measuring the activity of a signalling molecule only tells you about any downstream
processes in a relative manner. If there is a break in the pathway at any point beyond the
point of measurement then any result gained will not be accurate. This is in contrast to
a method such as autophagic protein turnover (Section 2.4.7.1) where the measurement
is of the direct effect of autophagy cargo flux. There are still unknowns within the
autophagy pathway which may result in different signalling molecule activation patterns
than expected. Therefore any analysis with these methods should be validated for any
new system or conditions, with best practice being combining this with another method
to measure a separate part of the autophagic pathway. There is also the consideration
that any signalling pathway that proceeds autophagic activation will be acted upon
before autophagy can take place. This will result in a small window where the signal
is present but autophagy has not yet started or has not yet fully initialised. This would
only be a problem for very short experiments. The main concern would be the change
in any signalling molecule’s phosphorylation state caused by perturbations within the
processing of the cells before analysis, such as trypsinization of adherent cells. This can
mostly be avoided via direct lysis of the cells in the culture vessel by radioimmunoprecipitation assay (RIPA) extraction with sufficient phosphatase inhibitor present. Overall
measuring autophagic signalling pathways can be a quick and effective way to monitor
autophagy activation so long as the protocol has been validated for the experimental
conditions, where as other methods that measure autophagy directly should be used for
more exploratory research.
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2.4.8

Quantifying Autophagy Mathematically

There is no perfect method to quantify autophagy but there have been attempts to create
a more standardised unit of this. Unfortunately, this standardisation is not a simple task
due to autophagy being a complex multistage process. There have been attempts to
create a mathematical formula for autophagic activity. Equation 1 shows a formula for
the mass balance of autophagosomes in a cell [350]:

dA
= rA − A(k f + µ)
dt

(1)

where A is the autophagosome content, t is time, rA is the rate of autophagosome
biogenesis, kf is the rate of autophagosome degradation, and µ is the cell-specific growth
rate. In the presence of complete chloroquine inhibition of autophagic flux, there is no
degradation and therefore, kf = 0. A can be assumed to be proportional to the amount
of LC3-II in the cells and can be calculated via quantification of LC3-II on a western
blot. µ can be determined experimentally. rA can be estimated from experimental values
in the presence of complete inhibition of autophagic flux, and kf can be subsequently
estimated from experimental values in the absence of flux inhibition. This method
can allow for the quantification of autophagy, however it relies on the assumption that
autophagic activity is proportional to autophagosome mass, which is not always the
case. There is also a consideration as to how inhibition of autophagy flux should be
carried out. If inhibition is implemented at the start of the experiment then the perceived
level of autophagy will continue to rise indefinitely (or until the cell dies) as the levels
of LC3-II in the cell can only increase. Therefore, to measure the autophagy levels at a
specific time point inhibition of autophagy flux should be implemented as close to the
time point as possible with enough time for the inhibitor to achieve full flux inhibition.
Then a set amount of time needs to elapse to allow resolution of the difference in the
autophagosome clearance rate (this can be any amount but the shorter the better).

2.5

Raman Spectroscopy

Raman spectroscopy, and its closely related techniques, infrared (IR) and near-infrared
(NIR) spectroscopies are all types of molecular vibrational spectroscopy. They harness
the characteristic wavelength shift that arises from the interaction of photons with
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chemical bonds. The spectrographic pattern for each molecular bond is consistent and
unique. This allows us to ascertain physicochemical information about a material, in
a label-free, non-invasive manner. The Raman spectra of a biological sample acts like
a fingerprint allowing researchers to see differences in the biochemical makeup of a
sample, and thus differences between different states (e.g. cancerous and non-cancerous
tissue). This method has the potential to allow rapid, non-invasive, highly-specific and
broad analysis of a large range of samples. There is a large body of work using Raman
spectroscopy outside of the biological setting such as; geology [351], archaeology and
art [352], forensics [353], semiconductors [354], graphene research [355], and many
more. While there has been a multitude of research done on biological systems and
medical applications many argue that we are only scratching the surface of the uses of
Raman spectroscopy as a medical tool [356]. A large factor in this is the interpretation
of the data, where as other diagnostic methods may give a single or few values to
interpret, Raman can often give hundreds of values within a single spectra which can
all have an impact on the interpretation of any result. To this end the use of machine
learning (ML) techniques have been applied to Raman spectroscopy to better utilize
the often overwhelming mass of data into a simple answer [356]. The full mechanisms
of Raman spectroscopy are too detailed to fully cover here, Chapter 4 goes into more
detail. Anyone wishing to learn more is about Raman spectroscopy should view [357]
for a more comprehensive explanation of this phenomenon.
2.5.1

History of Raman

The phenomenon of Raman scattering was first described by Chandrasekhara Venkata
Raman and Sir Kariamanikkam Srinivasa Krishnan in 1928 [358] and later awarded
the Nobel Prize in physics in 1930 [359]. Despite this discovery the applications of
Raman spectroscopy did not see much development until the 1970s. This is because of
the relatively weak intensity of Raman scattered light (roughly below 10-10 of that of
the exciting light source), the presence of strong fluorescent signal masking the Raman
scattering, and decomposition of the sample due to the need to irradiate with intense
light source for extended periods of time. Despite this Raman spectroscopy had been
used on amino acids all the way back in 1937 [360]. Research began to pick up steam
when lasers became more widely available to researchers, replacing mercury lamps as
the primary source of excitation light. This also allowed the use of near infrared light
sources which largely removed fluorescence from the scattered light and drastically
reduced light-induced decomposition of the sample [361]. Lasers also gave good power,
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with narrow bandwidth which was ideal for Raman. Further advances in light exclusion
technology via double (and sometimes triple) monochromators or holographic notch
filters for rejection of Rayleigh scattered light. Early spectrometers used photo paper
to detect scattered light, this was slowly phased out for photomultiplier tubes and by
1970 most system’s utilised this technology. Photomultiplier tubes eventually gave way
to array detectors, first being the photodiode array and later the charge coupled device
(CCD). The use of computers in the Raman collection and data process allowed for faster
data collection and more advanced Raman techniques (e.g. Fourier transform Raman)
[362]. All of these developments have transformed measurement of an incredibly weak
effect into an effective and reliable spectrographic technique.
2.5.2

Raman in Medicine

Raman spectroscopy has been studied in regard to multiple different types of human
diseases including; infectious diseases, blood disorders, neurodegenerative diseases, and
more. However, out of all human diseases cancer is by far the most studied in regards to
Raman spectroscopy. Raman is seen as the best spectrographic method for biological
use as IR and NIR both rely on photon transmission to function, whereas Raman
uses inelastic scattering [358]. This gives Raman spectroscopy a unique scattering
pattern which is better suited for biological samples. This is because, unlike IR and
NIR, the scattering for H2 0 is minimal, and does not overlap with the main region of
bio-molecule scattering [363]. Thus Raman spectroscopy can be applied to aqueous
samples such as tissue samples. When allied to the wealth and broadness of the data
Raman spectroscopy can obtain, together with its non-invasive and non-destructive
implementation, this makes it an appealing technique for medical diagnosis. It has been
suggested by some as a prime candidate for a universal diagnostic method [356].
Many different types of cancer have been analysed using Raman spectroscopy
including; bladder [364], breast [365], prostatic adenocarcinoma [366], lung [367],
colorectal [368], cervical [369] and stomach [370]. This is by no means an exhaustive
list as there are over 200 different cancers [371] and Raman spectroscopy has been
shown to be an effective tool in their diagnosis within the lab setting. To build a breast
cancer prediction model researchers took Raman spectra of healthy breast tissue and
Raman spectra of individual components of breast tissue (fat, collagen, cell nucleus,
epithelial cell cytoplasm, calcium oxalate, calcium hydroxyapatite, cholesterol-like lipid
deposits, and β-carotene). They then fitted the component spectrum to the whole tissue
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spectra. This approach is based on the assumption that the Raman spectrum of a mixture
is a linear combination of the spectra of its components. Using this the researchers
could identify components more prevalent in cancer cells, for example breast tissue
is predominantly composed of fat but cancerous tissue has increased collagen, due to
the formation of fibrosis [372, 373]. Many other researches have used classic Raman
spectroscopy methods and combined them with ML methods to build predictive models
for different cancers using methods such as; linear discriminant analysis [374], logistic
regression [369], support vector machines [368] and artificial neural networks [375].
Aside from cancer, Raman spectroscopy has been researched in allograft rejection.
Tissue samples of cardiac allograft were compared using Raman spectroscopy and
HE-staining to distinguish areas of rejection [376]. Renal allograft were monitored
using Raman spectroscopy and significant spectral differences were observed between
activated and naive T lymphocytes. This method showed more sensitivity and specificity
than the previous method of monitoring serum creatinine levels [377, 378]. Raman spectroscopy has also been incorporated into biomarker detection. Using surface-enhanced
Raman spectroscopy (SERS), a Raman signal can be enhanced by a factor of 103 –1014
(depending on the definition of the enhancement factor). This is achieved via the interaction of a molecule and a nanoscale metallic surface [373]. Researchers have exploited
this to create silver nanoparticle based biosensors (Figure 2.10) [379]. Raman spectroscopy has also been proposed to monitor inter-donor variability in stored red blood
cells, where it was shown that Raman spectroscopy could detect changes in the levels
of lactate (a chemical species that may be harmful to certain patients) in the blood units
[380].
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Figure 2.10: A custom DNA sensing probe based around the principal of SERS. When the target
DNA interacts with the probe the closed hairpin DNA incorporated into the probe is opened up due to
complementary base pairing with the target DNA. This causes the physical separation of the Raman
label from the surface of the silver nanoparticle, resulting in the quenching of the SERS signal. Figure
reproduced with permission from [379].

Raman spectroscopy has vast potential in medical diagnosis and has a large body
of work in the literature showing its utility in the clinical setting. There are however
translational problems involved in getting Raman spectroscopy into the clinical setting.
First the use of Raman on humans needs to demonstrate a suitable level of safety to the
regulators, this only applies to direct Raman probes. Next would be Raman systems
designed with robust internal calibrations that can be reliable over consistent use and be
accessible to non-experienced users. Another key aspect is inter-system calibration and
large libraries of spectral data which can be utilised by any Raman setup. Accessible
software would be needed that can communicate spectral features in a clinically relevant
format such as sensitivity/specificity for a given condition. Raman spectroscopy needs
to find new and clinically relevant benefits over already established systems which are
significant enough to justify initial setup cost (instrumentation, installation, supporting
infrastructure, training). The last and most crucial aspect is the demonstration of the
utility of Raman spectroscopy in large cohort studies based on patient outcomes and
relative to meaningful and accepted current standards [381].
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2.5.3

Raman in Bio-production

The global biopharmaceuticals market accounted for $186 billion in 2017, and is
projected to reach $526 billion by 2025 [382]. The main advantage Raman spectroscopy
offers in this field is as a process analytical technology (PAT) [383, 384]. A basic
PAT for a bioreactor would be a thermometer, which can read the temperature of the
bioreactor in situ and trigger an immediate correctional response to any deviations
within the parameter space. However, temperature is only a small part of the bioreactor
process, Raman offers the ability to monitor the chemical space within the reaction in
an in situ manner, allowing more comprehensive monitoring and faster correctional
reaction time.
Raman spectroscopy has been utilised in multiple aspects of the bio-production
pipeline. It has been implemented to act as a rapid test for media and raw materials
quality [385]. Not all raw materials are suitable for Raman analysis, for example dry
powders may absorb the laser light which could lead to the sample being burned
by the laser. This is especially true for samples with coloured pigment which would
make absorption of the excitation laser light even more efficient [384]. Alternatively,
Raman spectroscopy can be used to analyse liquid media/samples, so long as the
sample is homogeneous and does not contain excessive fluorescence compounds which
could mask any Raman signal. Other uses have seen Raman spectroscopy in an in-line
monitoring process to analyse the content of the media within a bioreactor. This is useful
in seeing when the chemical contents of the feed media require adjustment (adding
feed stock during a fed batch culture) or monitoring [384, 386–392]. This has also been
carried out with an on-line method where samples were taken from the reactor and
analysed separately [393, 394]. This method may be preferred as dedicated Raman
probes can often have a lower spectral and spacial resolution when compared to a Raman
microscope setup. Alternatively, Raman has been used to predict monoclonal antibody
(MAb) titers with an in situ probe [395]. This method is limited by the sampling volume
for the Raman spectra, as most in-line methods will use a Raman probe submersed into
the bioreactor. This also creates the problem of probe fouling which can distort any
results [396]. The submerged probe will only be able to sample what is directly in the
sampling volume of the probe which will predominately consist of the media component
of the reaction. This sampling volume is also consistently changing as the contents of
the reactor are stirred, so the reliability of any reading will depend on the homogeneity
of the contents of the reactor. If analysis of the cells (or any specific component of the
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reaction mixture) is to be carried out, they will need to be removed and presented to
the Raman system in a more concentrated/pure form in an on-line monitoring process.
This will allow much more specific analysis of the cells’ condition within the bioreactor
at the cost of requiring more human intervention, increasing the risk of contamination,
and being unable to provide a continuous analysis that the in-line probe can [384].

Raman spectroscopy can also be used in characterisation of biological pharmaceutical products such as recombinant proteins and MAbs. Raman has been used to
analyse protein folding via the relationship between protein secondary structure and
spectral band profiles [397, 398]. Side chain structure has also been analysed with
Raman spectroscopy. For example, the cysteine sulfhydryl group gives rise to a band in
the 2500–2600 cm-1 region, and the degree of methionine oxidation is shown in bands
at 704 cm-1 and 1010 cm-1 [397]. Di-sulphide bonds and cation interaction have also
been probed with Raman spectroscopy in recombinant human interleukin 1 receptor
antagonist (rhIL-1 ra) [399]. Another application of Raman spectroscopy has been in
probing protein glycosylation, which is a critical part of bio-pharmaceuticals’ quality
control. However this application has not been extensively researched due to the very
precise nature of protein glycosylation patterns. Glycosylation of haemoglobin [400],
bovine pancreatic Ribonuclease proteins [401, 402], and mucin proteins [403] have
been probed with Raman with moderate success. These method however, are unlikely
to displace mass spectrometry any time soon as they are nowhere near the level of
accuracy needed for regulatory approval of bio-pharmaceuticals. This combined with
the massive variation in glycosylation structures in terms of sites, branching, microheterogeneity, and macro-heterogeneity make Raman spectra of glycosylation overly
complex and difficult to analyse [384]. Another key problem in recombinant protein
production is aggregation which can occur in production (if the concentration of protein
is high enough), purification, formulation and storage. This can drastically effect the
efficacy of the final product so needs to be closely monitored. Raman spectroscopy
has already been used to monitor protein aggregates such as tau protein in Alzheimer’s
disease as a potential diagnostic tool [404]. Therefore using Raman spectroscopy to
monitor aggregation in bio-pharmaceutical recombinant proteins has been an active
area of research, with proteins including; insulin [405], ribonuclease [406], antibodies
[407] being monitored for aggregate formations. Finally, Raman spectroscopy has been
researched for use in detecting contaminates within bio-pharmaceutical preparations
such as; residuals host-cell proteins, and residuals DNA/RNA. This is an appealing
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prospect as Raman spectroscopy can be implemented in a non-destructive, contact-free
manner and, if care is taken to remove spectral contributions it can work through the
glass of sealed vials. However the limit of detection on these contaminates is often
in the parts per million range and therefore Raman is not suitable for their detection
[408]. However ultra violet resonance Raman spectroscopy has been able to detect small
amounts of residual organic solvent inside starch–peptide conjugate solutions [409],
and residual DNA/RNA in clarified recombinant proteins [410], so there is potential
moving forward in the area.
There are still many more applications for Raman spectra within the bio-production
pipeline. The adoption of Raman as a PAT for this industry has been gaining steam
thanks to its versatility and to the large amount of capital within these industries.
2.5.4

Raman for Detecting Autophagy

A thorough literature search reveals just two papers (Konorov et al. 2012 [8] and
Shreyas et al. 2017 [9]) that have directly examined the use of Raman spectroscopy as
a detection method for autophagy. Konorov et al. 2012 [8] used Raman spectroscopy
to detect changes in phospholipids in live cells as a measure of autophagy. They
used human breast carcinoma cells (MCF7) and metastatic prostate carcinoma mouse
cells (LMD). Autophagy was induced by culturing the cells for 2 and 5 days without
glutamine present in the media. Autophagy was confirmed via fluorescent microscopy
of GFP-LC3 punta positive cells. Figure 2.11 shows the different spectra for LMD cells
in non-autophagic glutamine present control conditions (Q+, day 2) and autophagic
glutamine absent conditions (Q-, day 2/Q-, day 5). The key difference highlighted is
the increase in the phospholipid associated peak at 718cm-1 when normalised to the
DNA associated peak at 784cm-1 under autophagic conditions. It is suggested that the
increase in phospholipids is a result of the formation of the isolation membrane of the
autophagic bodies within the cells. Similar results were seen for MCF7 cells although
not as significant.
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Figure 2.11: (a) The Raman spectres of LMD cells which have been incubated for 2 days with l-glutamine,
2 days without l-glutamine, and 5 days without l-glutamine. (b) The ratio of the 718-1 peak to the 784-1
peak for all three conditions. Figure reproduced with permission from [8]
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This paper highlights significant changes in the Raman spectra of cells after glutamine starvation which is a well-established autophagy inducing condition. However
most other papers have either used four hour starvation in amino acid and serum free
conditions (EBSS media) [199] or preformed glutamine starvation in combination with
serum starvation. In another paper Lin et al. 2012 [411] performed 24 hour glutamine
starvation with serum in mouse embryonic fibroblasts (MEF) cells but saw no corresponding increase in the LC3-II band of an autophagy western blot, whereas Konorov
et al. 2012 [8] saw a large increase in LC3-II positive punta after 24 hour glutamine
starvation with serum. This is not a rebuttal to either results but shows that even the
same autophagy induction protocol can have varying results across different cell lines of
the same species. Jardon et al. 2011 [140] used the same method of glutamine depletion
on suspension CHO cells, however their cells were serum free in both control and
autophagy inducing conditions, and saw a small increase in LC3-II in western blotting
after 24 hours. A more comprehensive approach would be to test multiple different
types of autophagy induction methods to see if the Raman spectra was the same across
different treatment conditions, indicating that autophagy is the predominant cause of the
change in Raman signal. Another comment on the Konorov paper methods was highlighted in the paper itself. The Raman spectra was normalised to the DNA associated
peak at 784cm-1 which assumes that the DNA concentration within the cells was all the
same. Different cells will spend different times in S phase (DNA replication phase of the
cell cycle) where the DNA concentration will be double that during other times in the
cell cycle. The exact time can vary and has been shown that S phase can be increased
in cancer cells (more S phase equals poorer prognosis) [412]. So any normalisation to
this peak assumes a uniform DNA distribution, however the collection protocol used
by Konorov et al. included approximately three cells per spectra and they collected a
large amount of samples so any variations should not bias the results too much. Also,
cells in autophagy have reduced growth rates so spend even less time in S phase, which
could result in lower DNA content in autophagic cells. The cells also showed good
recovery after reintroduction of glutamine so cells undergoing apoptosis was probably
minimal, but was not directly measured. Overall the data in this paper is good but the
biggest caveat is highlighted in the title ’Raman microspectroscopy of live cells under
autophagy-inducing conditions’. Since there were no control cells without the ability
to undergo autophagy it can only be said that the Raman spectra are of the cell under
autophagy inducing conditions and not of autophagy alone.
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Shreyas et al. 2017 [9] builds on this first one using suspension CHO cells with a
similar autophagy induction conditions of 3 days glutamine deprivation. They reported
that there was no significant difference of the 718cm-1 peak between autophagic and
non-autophagic inducing conditions (Figure 2.12). Also the corresponding 718cm-1
peak (based on the shape of the spectra in Konorov et al.) appeared at 725cm-1 , and was
labelled as adenine (Figure 2.13). This would suggest that the alignment of the Raman
spectra from these two papers is not the same. The shape of the spectra are overall the
same but do not align exactly on the wavenumbers at 700-800 cm-1 , however this is
difficult to discern from only the images in each paper and no access to the data sets.
This perceived misalignment could be due to spectral differences but that would lead to
the conclusion that the change seen in Konorov et al. is not replicated in Shreyas et al..
They also went a step further and plotted the PCA of the Raman spectra, which showed
no significant change between autophagic and non-autophagic inducing conditions,
although the PCA was calculated with the inclusion of primary necrotic and secondary
necrotic cells Raman spectra which would have changed the eigenvalues as opposed
to calculating the PCA on autophagic and control cells alone. Overall Shreyas et al.
found no significant difference in Raman spectra of autophagic and non-autophagic
cells. This discrepancy in results may be due to the use of different cell types (CHO
vs LMD) and the fact that they were grown in different environments (suspension vs
adherent). It is established that the normal state of these cell lines is attached to a basal
membrane and that serum free suspension cultures put the cells under more stress. The
difference then could be due to cell stress and not autophagy, as the suspension cells in
Shreyas et al.’s work were adapted to live in the stressful suspension environment. This
adaption to consent stress may have made them more tolerant of the stresses induced
during autophagy induction and thus no significant difference in the Raman spectra
was observed, whereas with Konorov et al. the cells were not put through this adaption
procedure and thus showed more changes in the Raman spectra. However, the cell type
may also play a large role in this stress response theory as CHO cells are considered
a more hardy and adaptable cell line, which is why they are used in the majority of
bio-production environments as the mammalian host cell of choice.
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Figure 2.12: (a) The Raman spectres of CHO cells undergoing, primary necrosis, secondary necrosis and
autophagy. (b) The corresponding PCA of the Raman sceptres, showing principal components 1 and 3.
(c) The loading spectra of the principals components 1 and 3. Figure reproduced with permission from
[9]

In conclusion, these two papers set out the groundwork for analysis of autophagy
using Raman spectroscopy. There is no clear consensus on the effectiveness of Raman
spectroscopy for the detection of autophagy, however there is clear data indicating that
further investigation is needed into this subject. This is the aim of this thesis, to provide
a comprehensive exploration of the use of Raman spectroscopy in the detection of the
autophagy response in mammalian cells.
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Figure 2.13: Comparison of the region of interest from 700-900cm-1 in both spectra from figures 2.11 and
2.12. Vertical red lines indicate suspected peak misalignment of approximately 7cm-1 . Figure adapted
with permission from [8] and [9]
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3
3.1

Methods
Cell Culture

All cell work was carried out inside a sterile laminar flow hood. Cells were grown
in coated tissue culture flasks (Greiner Bio-One, Germany). The cells were grown in
specified media, Ham’s F-12 nutrient mix (Gibco, USA) for CHOK1 cell lines and
DMEM (Gibco, USA) for SCC and A549 cell lines. All growth media was supplemented with 200µM l-glutamine (Gibco, USA), penicillin-streptomycin 100 U/mL
(Gibco, USA) and 10% fetal bovine serum (FBS) (Gibco, USA) (unless stated otherwise). During starvation protocols Earle’s Balanced Salt Solution (Gibco, USA) was
used for full amino acid deprivation and Ham’s F-12 nutrient mix and DMEM without l-glutamine was used for l-glutamine deprivation (no additional l-glutamine was
added). For the CHOK1-GFP-LC3 cell line penicillin-streptomycin was replaced with
200µg/ml geneticin (Gibco, USA). All cells were grown at 37o C in a 5% CO2 humidified environment. Cells were grown to between 70-90% confluency before being split.
Cells were harvested by washing once with phosphate buffered saline (PBS) (Gibco,
USA) and incubation with TrypLETM Express Enzyme (Gibco, USA) at 37o C until
all cells were detached. Trypsin was quenched with three parts media (all media used
for quenching included FBS) to one part trypsin. Cells were spun down at 220g for
5 minutes and the supernatant was removed. Cells were re-suspended in media and
seeded out at 2 x 105 cells per 25cm2 of cell culture area for CHOK1 and SCC cells
and 5 x 105 cells per 25cm2 of cell culture area for A549 cells.

3.1.1

Induction of Autophagy

For induction of autophagy cells were washed twice with PBS and media was replaced
with either a salt and glucose solution (EBSS), or regular media without l-glutamine.
Cells were incubated in EBSS for four hours, or in l-glutamine deprived media for 1-5
days. All control conditions were washed twice with PBS and the media was replaced
with fresh full feed media. For incubations longer than two days the media was replaced
with a fresh batch on day two. Cells were split as described above if their confluency
reached over 90% at any point during starvation. For autophagy flux inhibition 50µM
of Chloroquine diphosphate (CQ) (Merck, Germany) was added to the media four hours
before cells were analysed.
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3.2

Immunostaining

For immunostaining cells were grown on glass bottom cell culture dishes (World
Precision Instruments, USA). Cells were washed twice with PBS and fixed in 4%
paraformaldehyde in PBS pH 7.2 at room temperature for 10 minutes. Cells were
washed twice with PBS and permeabilised with methanol, kept at -20C for 5 minutes.
Cells were washed twice with PBS and incubated for 1 hour at 37o C in 1% bovine
serum albumin (BSA) (Cell Signalling Technology, USA) in PBS containing primary
antibody (LC3B (E7X4S) XP Rabbit mAb) (Cell Signalling Technology, USA) at 1/200
dilution. Cells were washed three times in PBS with gentle agitation for 5 minutes
each. Cells were incubated for 1 hour at room temperature in the dark in 1% BSA in
PBS containing secondary antibody, (goat anti-rabbit, Alexa Fluor, Invitrogen). Cells
were washed three times in PBS with gentle agitation for 5 minutes each in the dark.
DAPI (Invitrogen) counter stain was added at 300 nM and cells were incubated at room
temperature for 10 minutes in the dark. Cells were washed three times in PBS with
gentle agitation for 5 minutes each in the dark. Cells were stored in PBS at 4o C before
imaging. All imaging of cells was done the same day as staining.
Cells were imaged on the Nikon Ti2 microscope (Nikon Instruments, Americas)
with a Lumencor spectra X light source (Lumencor, USA) and a Teledyne Photometrics
Prime 95B camera (Teledyne Imaging, USA). Images were captured using the Nikon
Elements software (Nikon Instruments, Americas). Images were processed using the
open source ImageJ package and figures were constructed using the matplotlib [413]
python library.

3.3

Flowcytometry

For flowcytometry cells were grown in tissue culture flasks to between 70-90% confluency. Cells were washed twice with PBS and incubated with TrypLETM express
enzyme at 37o C until all cells were detached. Trypsin was quenched with three parts
media to one part trypsin and spun down at 220g for five minutes. Supernatant was
removed and cells were re-suspended in 1ml PBS and spun down at 220g for five
minutes. Supernatant was removed and cells were re-suspended in 500µl PBS and spun
down at 220g for five minutes. Cells were fixed by adding 4.5ml of ice cold 70% ethanol
and kept a -20o C for 1 hour. Cells were spun down as 400g for five minutes. Supernatant
was removed and cells were re-suspended in 500µl PBS. 500µl of DNA extraction
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buffer (24 parts 0.2 M Na2 HPO4 to one part 0.1% Triton X-100, pH adjusted to 7.8)
was added and cells were incubated at room temperature for 5 minutes. Cells were spun
down at 400g for 5 minutes. Supernatant was removed and cells were re-suspended in
1ml DNA staining solution (200 µg of propidium iodide in 10 ml of PBS and 2 mg of
DNase free RNase). Cells were incubated at room temperature in the dark for 1 hour.
Cells were analysed on the Thermo Fisher Attune NxT (Thermo Fisher Scientific,
USA). Data was exported and processed in python and displayed using the python
libraries matplotlib [413] and seaborn [414].

3.4
3.4.1

Raman Spectroscopy
Sample Preparation

Cells were either grown directly on Raman substrate, or deposited on Raman substrate
after growth in tissue culture flasks. Raman grade CaF2 and Quartz coverslips (Crystran,
UK) and protected gold mirrors (Thorlabs, Germany) were stored in 70% ethanol and
washed in 100% ethanol before use. For cells grown directly on substrate the CaF2 and
Quartz coverslips were incubated with poly-D-lysin for 5 minutes at room temperature,
then washed 3 times with PBS. Cells were seeded onto the coverslips at the same density
as mentioned above for routine tissue culture. Cells were grown at 37o C in a 5% CO2
humidified environment until 70-90% confluent. Autophagy was induced as mentioned
above. The cells were washed twice with PBS and fixed in 4% paraformaldehyde in
PBS pH 7.2 at room temperature for 10 minutes. Cells were washed three times in PBS
and coverslips were mounted on microscope slides in PBS. The coverslips were placed
on top of a small well on the microscope slide made out of clear nail varnish and filled
with PBS. Care was taken to ensure no air bubbles were present and the coverslips were
sealed using clear nail varnish.
For cells deposited on Raman substrate, the cells were grown in tissue culture
flasks and autophagy was induced as detailed above. Cells were washed twice in PBS
and incubated with TrypLETM Express Enzyme at 37o C until all cells were detached.
Trypsin was quenched with three parts media to one part trypsin. Cells were spun down
at 300g for five minutes and the supernatant was removed. Cells were re-suspended
in 10ml PBS and spun down at 300g for 10 minutes and the supernatant was removed.
Cells were re-suspended and fixed in 4% paraformaldehyde in PBS pH 7.2 at room
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temperature for 10 minutes. Cells were spun down at 300g for five minutes and the
supernatant was removed. Cells were re-suspended in 10ml PBS and spun down at 300g
for 10 minutes and the supernatant was removed. 10µl of cells were extracted from the
cell pellet at the base of the tubes and deposited directly onto the Raman substrate. The
cells were allowed to air dry inside the laminar flow hood until completely dry.
3.4.2

Instrument Setup

Initial Raman collection used the 100X (1.25NA) oil immersion lens (Leica Microsystems, Germany) for cells grown on coverslips. For the cells air dried on Raman substrate
the 20X (0.4NA) lens (Leica Microsystems, Germany) was used. An InVia Raman
system (Renishaw, UK) coupled to an upright Leica DM LM microscope (Leica Microsystems, Germany) was used to collect Raman spectra of all samples. A 1200
lines/mm diffraction grating was used. All samples were positioned via a precision motorised XYZ stage (Prior Scientific, UK). All samples were illuminated with a 400mW,
785nm diode laser (Toptica, Germany). All spectres were collected via a Peltier-cooled
RenCam CCD. For a more detailed overview of the Raman microscope set up see
Appendix B.
3.4.3

Raman Acquisition

Raman spectres were acquired using the WiRE2 software package (Renishaw, UK). A
map grid layout of 100 points with an area of 200µm2 and a spacing of 20µm between
acquisition areas (this varied for some experiments due to time constraints). Unless
otherwise stated the standard protocol for Raman acquisition is using an extended
spectral window in SynchroScan mode of 380-1800cm-1 . An exposure time of 200
seconds with one accumulation per spectrum. All spectres were exported as .txt files
and processed using a custom written python code.

3.5

Data Analysis

All data analysis was carried out on a desktop running Windows 10 home edition, an
AMD FX-9590 eight-core processor clocked to 4.00 GHz and 16 GB of RAM. Processing used code writing in Python 3.7 (Python Software Foundation) and presented in
Jupyter notebooks [415]. A more indepth analysis of the data processing is covered in
chapter 6. All code for this project can be found at (https://github.com/LiamDavisonGates/RamanProcessing).
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The spectra were processed by first employing a static background correction
using a zero order, seven channel window Savitzky–Golay filter smoothed background
spectrum. Next asymmetric least squares baseline correction was employed, followed
by normalisation to the 1002 cm-1 peak and cosmic ray spike removal. The spectra
were then reverted to their unprocessed form without cosmic ray spikes by reversing
the normalisation and adding back the subtracted baseline. Next one of the baseline
estimation algorithms was used to correct for the auto-fluorescent baseline. The spectra
were then normalised to the sum of the baseline estimation. Next deviations in the
alignment of the wavenumbers was corrected. Finally a Fourier transform smoother
was used to remove high frequency noise. Statistical analysis and machine learning was
carried out using the Scikit-Learn python library [416]. Data was presented using the
matplotlib [413] and seaborn [414] libraries. Chapter 5, 6 and Appendix B shows the
evolution and rational of this process.
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4

Raman Spectroscopy

Since its discovery by Chandrasekhara Venkata Raman and Sir Kariamanikkam Srinivasa Krishnan in 1928 [358], Raman spectroscopy has evolved astronomically both in
its understanding and acquisition. This chapter will delve into the physical and mathematical understanding behind Raman spectroscopy, along with its interpretation in a
biological context.

4.1

Mechanisms of Raman

Light is a form of electromagnetic wave with a electric and magnetic component running
perpendicular to each other (Figure 4.1). The Raman effect only involves the electronic
component of light [357] so the magnetic component will be ignored in this work.

Figure 4.1: Plane polarised electromagnetic radiation, where E is the electric field strength, H is the
magnetic field strength, λ is the wavelength, and Z is the direction of the wave. Figure reproduced with
permission from [357].

The Raman effect arises from the interaction of this electronic component with bond
forming electrons of molecules. This interaction can lead to the photon transferring
its electrical energy into the molecule, causing the molecule to enter a higher energy
’excited’ state. Figure 4.2 shows a Jablonski diagram of the varying energy levels within
an atom (not to scale) and the different types of electron excitation and relaxation [357].
The vast majority of photons that interact with the molecule will undergo Rayleigh
scattering (~10-3 chance), which is a form of elastic scattering, meaning that the incident
photon and the scattered photon will have the exact same energy, therefore the exact
same wavelength. However, a small proportion (~10-6 probability) of the photons will
undergo inelastic scattering and lose energy, so the resulting scattered photon will
have a longer wavelength relative to the wavelength of the incident photon. A small
proportion of the inelastic scattered photons will gain energy and leave the sample with
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a shorter wavelength (anti-Stokes scattering), but this is very rare as most molecules in
a system exist in the ground state so cannot emit more energy than they absorb [357].
The different vibrational energy levels seen in figure 4.2 are a result of intramolecular
movement of atomic nuclei resulting in vibrations of molecular bonds.

Figure 4.2: A Jablonski diagram of the different energy levels within an atom (not to scale) and the
different types of electron excitation, relaxation and scattering. The dotted line indicates a ’virtual state’
to distinguish it from the real excited state. IR: InfraRed, R: Rayleigh, S: Stokes, A: Anti-Stokes. Figure
reproduced with permission from [357]

The atomic nuclei within molecules are not fixed into a rigid structure. Instead,
the chemical bonds between these nuclei can stretch, bend and rotate giving rise to an
array of dynamic movements within the molecule, collectively known as molecular
vibrations. The Raman effect relies upon induction of these characteristic vibrations via
excitation of molecular bonds using photons from monochromatic laser light. Typically
every atom within a molecule has three degrees of freedom representing motion in
the X, Y, and Z planes. This results in the molecules having 3N degrees of freedom,
where N is the number of atoms within the molecule. However, three of these motions
are pure translations of the whole molecule, and a further three are pure rotations of
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the whole molecule. This leaves 3N - 6 degrees of motion which result in changes of
spacing between the internal atomic nuclei of the molecule (3N - 5 for linear molecules
since rotation about the molecular axis does not exist) [357]. These 3N - 6 degrees of
motion are collectively known as a molecule’s normal vibrational modes (NVMs). These
NVMs are based in the vibrational transitions. Figure 4.3 shows vibrational transition
levels of a diatomic molecule, along with both electronic and rotational transitions.
Electronic transitions lead to fluorescent emissions, or resonance Raman if combined
with vibrational transitions (Figure 4.2). Whereas rotational transitions contribute to
Raman only for samples in the gaseous phase, in liquids molecular collisions (10-13 s)
occur before one rotation is completed (10-11 s) and the levels of individual molecules
are perturbed differently, whilst in solids rotational transitions do not occur due to
inter-molecular interactions [357].
While most molecules have 3N - 6 NVMs, not all of these vibrations are Raman
active. For a molecular vibration to be Raman active it needs to induce a change in
the polarizability of the molecule, where the polarizability is the deformability of
the electron cloud about the molecule via an external electric field. This change in
polarizability is difficult to predict for any NVM but qualitative predictions can be
made using the volume of the electron cloud as an analogy [417]. Figure 4.4 shows
this electron cloud analogy for a linear carbon dioxide molecule, where vibration ν 1
is Raman active but vibrations ν 2 and ν 3 are not. Figure 4.5 shows the electron cloud
analogy for a triatomic molecule of H2 O, where vibrations ν 1 , ν 2 and ν 3 are Raman
active.
This can be expressed mathematically by the equation:


δα
δQ


6= 0

(2)

0

Where α is the polarizability of the molecule, Q is a set of linear Cartesian coordinates of the nuclei also known as the normal coordinates, and subscript zero denotes the
equilibrium position of the NVM. To fully characterise the Raman effect mathematical
the magnitudes of the electric field component of light, E, is directly proportional the
deformation of the electron cloud, µ, based on the polarizability of the bond, α, as seen
in the equation.
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Figure 4.3: Energy levels of a diatomic molecule. The actual spacing of electronic levels are much larger,
and those of rotational levels much smaller, than those shown in the figure. Figure reproduced with
permission from [357].

µ = αE
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(3)

Figure 4.4: Change in polarizability of the electron cloud in different normal vibrational modes of a
linear triatomic molecule of carbon dioxide, vibration ν 1 is Raman active but vibrations ν 2 and ν 3 are
not. Figure reproduced with permission from [357].

Since the incident electric field oscillates as a sine wave, the induced dipole also
oscillates and in turn generates secondary electromagnetic waves. At any particular
moment in time, t, the induced dipole moment, µ, is described by the equation:

1
µ = α0 E0 cos(2πν0t) +
2



δα
δ Qm

{cos[2π(ν0 + νm )t]+


Qm0 E0 ×
0

(4)

cos[2π(ν0 − νm )t]}

Where α0 is the polarizability of the molecule at equilibrium, and E0 and ν0 are
the amplitude and frequency of the electric field component of the incident laser light
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Figure 4.5: Change in polarizability of the electron cloud in different normal vibrational modes of
a triatomic molecule of H2 O, vibrations ν 1 , ν 2 and ν 3 are Raman active. Figure reproduced with
permission from [357].

respectively. Qm0 and νm are the vibrational amplitude and frequency respectively for
NVM m of a molecule. The first term in this equation describes Rayleigh scattering
where the secondary radiation generated by the induced dipole is observed at the same
frequency, ν0 , as the incident laser light. The second and third terms in this equation
describe secondary radiation which has been modulated by the frequency of a NVM,
m. These ‘beat’ frequencies, ν0 ± νm are what constitute Raman-scattered light (Figure
4.6). Equation 4 is a full representation of all three types of scattering as seen in Figure
4.6. The mathematics behind this equation are explained in [357]. When measuring
Raman scattering, the spectrum produced will be mirrored around the 0 point (where
scattered light wavelength is equal to excitation light wavelength) as seen in Figure 4.7.
This scattering is much stronger for Stokes scattering (where the scattered photon has
lost energy and shifted to a longer wavelength) then for anti-Stokes scattering (where
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the scattered photon has gained energy and shifted to a shorter wavelength). This is
because to undergo anti-Stokes scattering the bond needs to already exist in a nonground energy state, ν1 or higher in Figure 4.2. However, the population of molecules
at ν0 is much larger than that at ν1 (Maxwell Boltzmann distribution law). Thus under
normal conditions the Stokes shifts will be more prominent than the anti-Stokes shifts.

Figure 4.6: Schematic representation of Rayleigh (elastic) and Raman (inelastic) scattering of light. The
Raman scattered light is modulated by the frequency of molecular vibration, νm . Figure reproduced with
permission from [417].

NVMs where the bonds of a functional group stretch and bend significantly with the
remaining nuclei remaining relatively still will yield a Raman shift pattern indicative
of that functional group. For a NVM where a relatively small amount of vibration is
contributed from nearly all atomic nuclei will yield a Raman shift pattern indicative
of that specific molecule. This principal scales with the size of the molecule, where
smaller molecules such as CO2 will have little distinction between Raman shift patterns
of individual bond NVMs and NVMs of the whole molecule. A larger molecule such as
a protein will consist of distinct contributions from functional groups such as the amino
(–NH2) and carboxyl (–COOH) groups, especially when there are multiple repeats
of these groups all contributing the same Raman shift pattern. functional groups of
amino acid side chains will yield less contributions to the Raman spectrum as there are
many different side chains with different Raman scattering patterns. For this reason
Raman can easily detect proteins in a sample but can not identify individual protein to
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Figure 4.7: Raman spectrum of CCl4 at 488.0 nm excitation. Figure reproduced with permission from
[357].

any significant sensitivity, especially when compared to other techniques such as mass
spectrometry.

4.2

Components of Raman spectrum

Each Raman spectrum consist of a one dimensional array of values. These values
represent the number of photons (intensity value) at a specific pixel on the CCD detector
screen during the accumulation. These positions represent the wavenumber shift (1/λ )
of the scattered light, in reference to the incident light wavelength, as it is diffracted
through a grating. These numbers are based on calibration to a known standard of pure
silicon. However, these intensity values do not only represent photons scattered by the
Raman effect. There are three major components to the final signal that the computer
records; the Raman signal from Raman scattered photons, a fluorescent signal from
fluorescently emitted photons, and a noise component from multiples sources, both
internal and external to the spectrometer instrument.
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4.2.1

Raman Signal

As explained previously, Raman signal arises from scattering of photons within a
system. The predominant source of this lies within the focal point of the laser path
where an increased photon density results in more Raman scattering events. However,
this scattering is not limited to just the sample in the focal point, but to any material
within the entire optical setup such as optical lenses, mirrors and even the air itself
(although that contribution is negligible). While the sample at the focal point will
generate the majority of the Raman signal, any point in the optical path can contribute
a small amount of Raman scattering. This can be seen in Figure 4.8 where a Raman
spectrum is collected with no sample or substrate present at the focal point. All the
signal seen in this spectrum represents both Raman and fluorescent scattering from
materials within the optical path. While this contribution is unavoidable when collecting
a Raman spectrum, its contribution is minimal and, as long as there is no change within
the instrumentation or parameters of the system, any samples collected will have the
exact same contributions and can be easily compared. The only problem comes when
trying to do highly accurate work such as quantification or when using a low quality
system (e.g. low sensitivity detector, low powered laser, poor optics etc.) and when
moving from one system to another. This can be alleviated by the use of a known
internal standard [418–421].

Figure 4.8: Raman spectrum taken with no sample present. The shape of the spectrum is highly similar to
that of a glass spectrum, showing that there are small contributions from the optical elements within the
system. No data processing has been conducted on the spectrum.
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4.2.2

Fluorescence

Fluorescence arises from fluorescent absorption and emission of photons. Since a
Raman scattered photon and fluorescently emitted photon are exactly the same in
the eyes of the CCD detector there is no way to discern the two when they hit the
detector. There are two major differences between Raman scattering and fluorescent
absorption-emission. First is that the Raman scattered photon’s wavelength is tied to
the incident light’s wavelength whereas fluorescent emission is mostly independent
of the incident light’s wavelength with each fluorophore having a range of excitation
wavelengths, outside of which little to no fluorescence is generated. Second is that
the Raman effect is much faster than fluorescence, 10-13 s for a Raman scattering and
10-8 s for a fluorescent emission [422]. Some more advanced systems such as timegated Raman spectrometer can utilise this difference to effectively filter out fluorescent
signal. This is achieved by sending a high intensity short lived pulses of incident laser
light to the sample and only measuring the signal returned immediately, effectively
switching off the detector before the fluorescence photons arrive [423]. Time gating can
be realised with various detection systems such as; time-resolved photo-multiplier tubes,
high-speed optical shutters based on Kerr cells, intensified charge-coupled devices, and
quantum dot resonant tunnelling diodes [423]. Figure 4.9 shows the difference in a
Raman spectrum of eGFP with normal continuous excitation Raman and time-gated
Raman [424]. This fluorescent separating effect can also be visualised by plotting the
time component of the spectrum. Figure 4.10 shows the difference in lifetime between
a Raman scattered photon and a fluorescently emitted photon. It should be noted that
the example of a fluorescent protein in Figure 4.9 will generate much more fluorescent
signal than typical auto-fluorescence arising from the proteinaceous molecules within a
cell. Auto-fluorescence can be minimised by careful choice of excitation wavelength;
the phenomenon weakens significantly as excitation moves into the near infrared range
[425]. See Section B.1 for more information on the setup of the Raman microscope in
this work.
Schematic Diagram of the Lifetimes of Raman Scattering and Fluorescent Emission
Since none of these systems are available for this work the fluorescent signal
was removed via post-processing of the Raman spectrum. Figure 4.11 A shows an
average spectrum collected from formalin fixed CHO cells. The black line shows the
cumulative values as reported by the instrument, the blue area represents the estimation
of the fluorescent contribution and the red area represents the estimation of the Raman
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Figure 4.9: Comparison of continuous wave surface enhanced Raman spectroscopy (red) and time-gated
surface enhanced Raman spectroscopy (green) at λexc 532 nm on a sample of enhanced green fluorescent
protein in buffer. Figure reproduced with permission from [424].

contribution. Figure 4.11 B shows the Raman spectrum with the estimated fluorescent
contribution removed. This estimation was made using the asymmetric least squares
algorithm (ALS) [426]. It is important to note that this is only an estimation of the
fluorescent baseline within the spectrum. This estimation is based on both the method
used and any parameters specified. Section 6.5 will have a full breakdown of the
decisions made around evaluation of florescent baseline removal.

4.2.3

Noise

Noise is defined as "irregular fluctuations that accompany a signal" or "unexplained or
unexpected information in a sample that is not useful and that can be ignored". This
means that noise is any part of a signal whose change is independent of the experimental
condition. Noise in a Raman spectrum can come from multiple sources (some more
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Figure 4.10: Schematic plot of the lifetime distribution’s of Raman scattered photons and fluorescently
emitted photons. Diagram is not to scale.

prominent than others) and needs to be minimised to allow the best comparison between
experimental conditions.
There are two types of noise in a spectral system which are either signal dependant
or signal independent. A signal dependent noise will increase in intensity as the signal
increases and a signal independent noise will not. There are four main sources of noise
in a Raman spectrum; shot noise, dark current noise, read noise and cosmic ray artefacts.
Cosmic ray artefacts are independent of the other three types of noise and are covered
in more detail in Section 6.2. Shot noise and dark current noise are signal dependent
noises. Shot noise is inherent in all recorded electromagnetic signals and is the result
of inconsistent irradiance on a detector pixel over consecutive fixed periods of time.
Shot noise is governed by a Poisson distribution and is time dependent with a square
root relationship to the standard deviation of shot noise with respect to the collected
irradiance. This means that shot noise is only a problem at low signal levels and hence
at shorter acquisition times [427]. Dark current noise results from thermal effects in
the CCD and can be modelled by a time dependent Poisson distribution. This noise
can be minimised by effective cooling of the CCD. Read noise is a signal independent
noise which follows a time independent Gaussian distribution and is added by the
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Figure 4.11: Raman spectrum collected from formalin fixed Chinese hamster ovarian (CHO) cells. The
spectrum is an average across 1318 spectra (10 biological samples) across 2 separate conditions. (A)
The black line shows the cumulative values as reported by the instrument, the blue area represents the
estimation of the fluorescent contribution and the red area represents the estimation of the Raman contribution. (B) The Raman spectrum with the estimated fluorescent contribution removed. This estimation
was made using the asymmetric least squares (ALS) algorithm [426]. The spectrum is normalised to the
phenylalanine associated peak at 1002 cm-1 .

CCD’s analogue to digital converter. The amount of read noise remains the same when
increasing acquisition time so can be a limiting factor when collecting Raman spectra,
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however the read noise of modern systems is often orders of magnitude lower than both
shot and dark current noise so is typically not of major concern [427].
Figure 4.12 shows spectra obtained with the laser off so only dark current noise is
present. The black spectrum represents total darkness which is the exact same parameters
used for Raman collection in this work. The red and green spectra show the effect of
the light from the PC monitor and the room lights respectively. This shows that there is
minimal spectral noise contributed from the dark current noise of the CCD. This does
not account for any heating effects from the laser on the CCD which would increase
dark current noise. However, the CCD used in this work was cooled by a triple stacked
Peltier cooler so would experience minimal heating from the laser.

Figure 4.12: Raman spectrum with no laser under different illumination conditions. Both total darkness
(black spectrum) and PC monitor (red spectrum) on have comparable levels of noise which is insignificant
to Raman signal levels seen during standard collection. The green spectrum shows the significant
contributions for the stray light from the room lights. For this reason all Raman collection is conducted in
as near to total darkness as possible.

106

4.3

Biological Raman Fingerprint

Figure 4.13 shows the prominent wavenumber shifts associated with common chemical
bonds ranging from 0-3600 cm-1 . The region from 600-1800 cm-1 is commonly referred
to as the fingerprint region as for biological samples it contains the majority of the
information. Region 1800-2800 cm-1 is the silent region where there is minimal contribution from biological samples. Region 2800-3600 cm-1 is the high wavenumber region
which contains some biological Raman shifts (mainly overtones of vibrations within
fingerprint region). A full breakdown of the Raman shifts associated with biological
samples can be found here [428].

Figure 4.13: Common bond vibrations and there corresponding Raman shift pattern. Adapted from [429].
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4.4

What Makes A Good spectrum

When optimising any process we need a way of producing a quality score for the
resulting output. With Raman data there are three main methods for this; signal to
noise ratio (SNR), loss and predictive capability. SNR is a measure of how much useful
information there is in a reading, as a proportion of the entire contents. Loss is the
deviation of a measurement from a known output or "ground truth". Predictive capability
is the ability of a measurement to accurately discern a specific property of a given system.
While all three scoring methods can be used for Raman spectra they are only applicable
for different stages of system optimisation. Loss requires a known output which is not
typically available when optimising spectral collection conditions, unless an internal
standard with known Raman cross-section is used. Predictive capability will be subject
to erroneous results from overfitting where the optimisation finds overly complicated
parameters. These parameters will only be applicable to the internal data set and do
not generalise to subsequent data (the concept of overfitting and generalizability are
covered in more depth in Chapter 9.2). Predictive capability can be used with a large
enough data set. However, this will lead to less powerful models which, while very
generalisable, will have less predictive power for each individual data set. This leaves
us with SNR as the best method for optimising most parameters in Raman spectral
acquisition and post-processing.
Calculating SNR for the Raman spectrum is not a straightforward task. In its simplest
form the SNR uses technical repeats of a measurement, where the signal and noise are
the mean and standard deviation of the measurements respectively [430]. This approach
requires multiple measurement be taken under exactly the same conditions, which can
be a challenge for time sensitive experiments, or delicate samples where multiple laser
exposures may damage the sample. This method also fails to account for measurements
where there is more than one dimension to the data. For a Raman spectrum using my
chosen conditions the data consists of 1512 dimensions for each spectral measurement,
each of which can have a different SNR. This 1512 dimension data was achieved
using the SynchroScan method as the CCD has only 578 pixels (expanded upon in
Appendix B.1.1). The most accurate way to calculate the SNR would be to treat each
dimension as a separate measurement, this however leads to each experiment giving
1512 SNRs which then can not be easily used for optimisation. From this, the signal
from the highest SNR’s wavenumbers can be taken and compared to the noise of the
lowest SNR’) wavenumbers. These lowest SNR regions will represent areas of little
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to no signal in the spectrum and therefore an estimation of pure noise in the system.
For biological samples this would most often be done using the silent region between
1800-2800 cm-1 . This however, can only be done on baseline corrected spectrum as
the auto-fluorescence can interfere with this noise calculation [430]. This also requires
the extension of the spectral acquisition window which will result in longer acquisition
times with no corresponding increase in usable data. Alternatively, the mean of all of
these SNRs can be taken to give a single representative SNR for the whole spectrum.
This representation of spectrum SNR will scale with increased true SNR but at a lower
rate as regions of little to no signal will always be included in the analysis. To combat
this, regions of no or insignificant signal can be excluded from the analysis using a
custom mask (manually labels areas of no Raman signal). Lastly, a dedicated sample
can be used to calculate the SNR calculations such as silicon. A silicon wafer will have
only one peak in its spectrum at 520.4 cm-1 which gives a very strong signal compared
to the background noise. This can be used to quickly calculate the SNR for the Raman
system, but this method is only useful in instrument setup and calibration. Optimisation
of downstream processes such as baseline correction cannot be preformed on a silicon
spectrum as the parameter would not be applicable to biological data.
One of the major points of concern is the auto-fluorescence within the acquired
spectrum. This is because the auto-fluorescence can dwarf the Raman signal, even
with the use of 785 nm light to minimise auto-fluorescence. In Raman spectrum of
complex biological samples (i.e. whole cells), the auto-fluorescence can often take on a
more complicated and varying distribution (due to the contribution of many different
auto-fluorescent compounds). However, removing the auto-fluorescence baseline often
results in a decrease in SNR. This is because the increase in total signal of the measurement, with the auto-fluorescence contribution, is greater in comparison to the increase
in the noise in the spectrum. While this would indicate that the auto-fluorescence contains information about the sample, the variation often bears no link to the biological
conditions. Due to the well categorised nature of the Raman signal in comparison to the
auto-fluorescence it is often best practice to remove the auto-fluorescence before any
analysis is undertaken.
For this analysis of SNR calculation four methods were chosen. The SNR across
the whole spectrum (SWS) where the mean of all 1512 individual SNRs is calculated.
The SNR of the highest signal areas of the spectrum (SHS) where all 1512 individual
SNRs are ranked and the mean of only the top 5% is used. The signal of the highest
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SNR of the spectrum divided by the noise of the lowest SNR of the spectrum (HSLN)
where all 1512 individual SNRs are ranked and the signal (mean) of the top scoreing 5%
and the noise (standard deviation) of the bottom scoring 5% are used for the final SNR
calculation. The SNR of pre-selected areas of the array (Mask) where only wavenumbers
predetermined to contain Raman signal for biological systems are used in the SNR
calculation. To see the estimations of each method the mean spectra (raw and baseline
corrected), across 147 CHOK1 spectrum of fed cells, were used. These spectra were
treated as the ground truth with increasing normally-distributed (Gaussian) noise being
added, and the SNR was calculated with each method. Figure 4.14 shows the results.
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Figure 4.14: Comparison of four methods for the calculation of the signal to noise of the Raman spectrum;
signal to noise across whole spectrum (SWS), signal to noise for highest signal (SHS), signal of highest
signal to noise over noise of lowest signal to noise (HSLN) and pre-selected areas of Raman signal
(Mask). (A) Shows the calculated signal to noise for each method against increasing noise. The noise
is a random set of normally distributed numbers with a mean of zero overlaid on the Raman spectrum,
Raw unprocessed spectrum (Raw) or small window moving average baseline corrected spectrum (BC).
The noise is measured in the standard deviation of the normally distributed random numbers which is
represented as a percent value of the maximum signal value of the Raman spectrum, which for both
spectrum is normalised to 1.0. (B) Shows the initial calculation of the signal to noise for each method
without any noise added to the Raman spectrum for the Raw and baseline corrected spectres.
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The results show considerable consistency in the shape of the curves, indicating that
all methods are in broad agreement when it comes to a similar increase in noise. The
differences arise in the magnitude of the SNR each method calculates and how each
method treats baseline corrected and non-baseline corrected data. Figure 4.14B shows
that there is intra-agreement (using the same data set) within the SWS, SHS and HSLN
method, but low inter-agreement (using the same method across different data sets).
This makes sense as the raw spectrum still has contributions from the auto-fluorescence.
Since the above mentioned methods rely on the mean value of each wavenumber across
all repeats of the experiment as a measure of the signal this treats auto-fluorescence
as a part of the signal and the noise becomes a summation of the noise in the Raman
scattered photons and the fluorescently emitted photons hitting the detector. However,
in this simulated noise data the levels of noise added to each spectrum are the same,
so all the fluorescent and Raman signals are treated similarly. The results show that in
this simulated experiment there is little difference in the calculated values with each
of the above methods. The main differences are in the biases each method imparts on
the calculated SNR and how these biases will drive the optimisation of subsequent
processing steps.

The SWS method uses all wavenumbers in the calculation of the overall SNR by
taking the individual SNR of each wavenumber and calculating the mean of the results.
This is the least bias of the methods as it does not pick and chose which data is most
important but at the same time it is the least powerful of the methods as it includes
regions of known lack of signal in its calculation of the total average signal. For this
reason SWS would be best to pick for data that little is known about its composition as
all regions are treated equally. SHS can avoid the pitfall of lack of power by ignoring
the lower signal values and only taking the SNR from the best SNR wavenumbers. This
is best used in cases where there is a large heterogeneity in the data where the regions
of high signal have vastly lower noise than regions of low signal. This is usually not
the case as noise will scale up with the square of the signal and any noise that is signal
independent should be uniform across the data (this is the case in this synthetic data).
The main area where this discrepancy in noise might arise is non-baseline corrected
data where the auto-fluorescence may vary in a way which appears to be noise to the
calculation method. Lastly, the HSLN method can give a more balanced approach where
the best signal is compared to the worst noise. This prevents either end from imparting
bias on the results. However, both SHS and HSLN require human intervention in setting
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the threshold for where to take the values used in calculation. This results in a bias in the
input that needs to be accounted for by the user. Taking too much data will reduce the
power of the models, but taking too little will increase the risk of spurious results. This
also can introduce bias in any optimisation of post-processing that uses these methods
as a scoring parameter, where any processing method will seek to maximise the SNR
of the top wavenumbers and/or maximise the SNR of the bottom wavenumbers to the
detriment of any other wavenumbers in the spectrum.
The odd one out in these methods is the Mask method which uses a preset set
of wavenumbers to include in the calculation. Figure 4.15A shows the mask used to
exclude Raman inactive regions from the SNR calculation and thereafter the SWS
method was used on the Mask data. This method has a secondary step before an SNR
calculation may be performed. Once the mask is applied to the data a line is drawn
under each of the Raman positive regions connecting the intensity value of the first
wavenumber to the last in the region. This can be seen in Figure 4.15B where the
same Raman spectrum, pre-baseline correction, has the Raman Mask imposed and then
connected together to create a pseudo baseline which can be temporarily subtracted for
the SNR calculation. This ability to isolate the Raman signal before SNR calculations
is the main benefit to this method. There are biases introduced in the Raman signal
selection phase but these should be minimal as they are selected with the theoretical
framework of known biological Raman signals in mind. This method can result in a
lower SNR for baseline corrected spectrum as opposed to SWS because, despite the
fact the SWS is including many pure noise regions in its overall SNR average, the Mask
method performs the pseudo baseline correction on any data given thus some peak
height may be lost depending on the assumptions of the baseline correction algorithm
used.
With all these factors taken into account the SWS method was chosen for SNR
calculation going forward as this method was the simplest and made the least assumptions about the spectrum. When it comes to baseline correction a separate criteria of
separation efficiency was employed (Section 6.5) as SNR does not encapsulate the full
purpose of baseline correction.
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Figure 4.15: Raman spectrum of CHOK1 cells with an overlaid Mask where green indicates Raman
positive areas and red indicates Raman negative areas. The Mask was constructed by taking any point
in the spectrum (after baseline correction) with an intensity value less than 0.03. Results of this were
assessed for consistency with the litterateur. The black line shows the Raman spectrum before any
baseline correction, the red dashed line indicates the estimated baseline and the blue line shows the
baseline corrected spectrum. The baseline estimation is done via matching the estimate (red dashed line)
to the unprocessed Raman spectrum (black line) at any regions of no Raman signal (red columns). Any
gaps in the estimation are connected via a straight line. This new spectrum (blue line) is used temporarily
for calculation of the signal to noise for the Mask method.
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5

Raman of Mammalian Cells

To collect the Raman spectra of mammalian cells, the cells need to be presented to the
microscope in a way that facilitates the best Raman scattering and collection conditions.
This involves many factors such as; reducing background Raman signal, maximising
sample signal, ensuring sample stability, ensuring sample homogeneity and reducing
background noise. There is no perfect method for this and every decision made will
come with trade-offs. This chapter explores the decisions made in coming to the final
Raman spectra collection protocol.

5.1

Raman of Autophagy in CHO cells

The cells were presented to the Raman microscope for spectral acquisition. To achieve
this the cells were grown on a microscope coverslip before being inverted and presented
to the microscope. In standard microscopy cells are often placed on a glass slide when
examined under the microscope. This is ideal as glass is highly transparent, relatively
robust and very inexpensive. However glass can have a very high level of Raman
scattering which can often mask any Raman signals from samples mounted on it. For
this reason glass is not used in most spectral analysis methods, instead a less Raman
active substrate is used. Initially cells were grown directly on quartz crystal coverslips
(ThorLabs, Germany), as these gave a smooth Raman background. Coverslips were
coated in poly-D-lysin to facilitate attachment of the cells, which were directly seeded
onto the coverslip and allowed to grow. Subsequent Raman collection was achieved via
mounting the coverslip onto a regular glass microscope slide using a silicon spacer as
seen in Figure 5.1. This setup allowed the microscope to focus through the coverslip
directly onto the mono-layer of adherent cells. Because the glass microscope slide was
far away from the focal spot of the microscope, it contribution to the collected Raman
spectra was negligible. Raman spectra was acquired by using a 100X lens (1.25NA)
with microscope immersion oil and focusing through the coverslip directly into a single
cell. A 5X5 map grid of point was targeted in the cytoplasmic volume of the cell. Figure
5.2 shows the Raman spectra of nine cells treated with full feed media (Hams F-12) or
with starvation media (EBSS) for four hours immediately prior to spectral collection
(five with Hams F-12 and four with EBSS).
There are many differences across the spectra between the fed and starved cells,
however not all of these differences can be attributed to the treatment of the cells. The
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Figure 5.1: Diagram of the setup of the the microscope slide used to collect Raman of cells. Coverslip is
mounted onto a regular glass microscope slide using a silicon spacer. Blue indicates slide and coverslip,
yellow indicate silicon spacer and green indicates cells (not to scale).

Figure 5.2: (A) Raman spectra of CHO cell under fed (control) and starved (autophagy induced) conditions. Solid line indicates the mean across multiple cells (five samples in fed condition and four samples
in starved condition) and the shaded area indicates one standard deviation. Cells were grown directly on
quartz coverslip to 70% confluencey before being treated in either full feed media or Earle’s balanced
salt solution for four hours. Spectra were collected using 30 Seconds laser exposure with three accumulations across a 5X5 µm grid (25 spectra per cell) focused in the cytoplasmic region of the cells. The
spectra was collected using a 600 lines/mm grating with a fixed window centred at 1240cm-1 . All spectra
are normalised the the area under the 1577cm-1 DNA associated peak. (B) Difference spectra starved
compared to fed cells.

750-850cm-1 region corresponds to a large contribution from the quartz substrate which
suffers from inconsistent background correction. Figure 5.3 shows the raw spectra
before (A) and after (B, C) background correction. Background spectra were taken from
a region of the sample where there was no cells, with each sample having an independent
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background collected. The backgrounds were then processed to remove cosmic ray
spikes, averaged across all repeat collections and a zero order polynomial five point
window sized Stavisky-Golay filter was used to reduce high frequency noise contribution.
Figure 5.3 B shows the spectra after 1:1 background subtraction. While most of the
spectra from the two conditions line up with this method, the large contribution from
the 750-850cm-1 region of quartz appears to over subtract from the spectra suppressing
the signal in that region. Figure 5.3 C shows the same spectra but with the background
for starved cells (EBSS media) scaled to 0.55 to create a more comparable background
correction. This scaling method was used in processing of the final spectra (Figure
5.2). Due to this, it is difficult to draw many conclusions from these spectra and any
differences in the 750-850cm-1 region cannot be relied upon.
The spectra are normalised to the DNA content as the autophagy response is not
known to degrade DNA. There are two major problems with this, one is that the main
DNA peak is at 780cm-1 but due to large background interference from the quartz
substrate the less pronounced nucleic acid peak at 1577cm-1 was used [431] (see
Section 6.3 for more details on spectra normalisation). The second problem is that the
focal spot for the Raman correction was trained on the cytoplasmic volume of the cells.
This means that any nucleic acid Raman contribution would either be from RNA or
from a focal drift/mis-alignment that resulted in the focal spot sampling some of the
nucleus.
Knowing all of this, the use of quartz as a substrate was judged to detract from the
reliability of the spectra. However, even with these drawbacks there is a clear difference
in the principal component analysis (PCA) of the two conditions (Figure 5.4 A). This
suggests even through the noise in the spectra, there is distinguishing biochemical
information in each condition. Of note is the increase in the 1002cm-1 , 1420-80cm-1 and
1640-80cm-1 which are associated with phenylalanine [432], amines (C-H deformation)
[433] and amines/lipids (C=C stretch) [434, 435]. These changes are also represented in
the principal component loadings of principal component 2 (Figure 5.4 B). This suggests
the cells in starvation conditions have more amines, maybe due to the breakdown of
cytoplasmic cargo by autophagy, although this would not lead to an overall change
in cellular amide levels and is more likely due to the conversion of proteins to amino
acids resulting in a change to the Raman profile [436]. Principal component 3 is heavily
dependent on the 780cm-1 nucleic acid peak (ring breathing) [433, 437], which falls
within the 750-850cm-1 region of uncertainty.
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Figure 5.3: (A) Unprocessed (raw) Raman spectra of CHO cell under fed (control) and starved (autophagy
induced) conditions. (B) Background corrected Raman spectra of CHO cell under fed and starved
conditions. (C) Background corrected Raman spectra of CHO cell under fed and starved conditions using
custom background scaling values. The custom background scaling used an unmodified background
spectrum for subtracting from the fed cells and a scaled background spectrum (55% of full intensity) for
starved cells in spectrum C. Solid line indicates the mean across multiple cells (five in fed condition and
four in starved condition) and the shaded area indicates one standard deviation.

This initial Raman collection fails to produce a clear spectrum with enough accuracy
to be used in any subsequent predictive model. Because of this, the approach needs to
be improved to facilitate better spectra collection.
118

Figure 5.4: (A) Principal component analysis of Raman spectra for fed (control) and starved (autophagy
induced) cells from Figure 5.2 A, principal components 2 and 3 are shown here. (B) loadings plot of the
two principle components in A.

5.2

Increasing Cell Density

One of the major goals of this work is to produce a method that is easy to use to facilitate
adoption into other labs. To this end growing cells on a coverslip presents challenges
that make it difficult to work with. For one, the uses of quartz crystal makes handling
samples much more difficult as quartz is very brittle compared to glass so prepared
samples can break very easily. Compounding this is the fact the Raman grade quartz
crystal coverslips are very expensive (approximately 800 times more expensive per unit
than glass coverslips), so breaking a quartz coverslip is much more costly and this often
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forces labs to reuse quartz coverslips which can involve labour-intensive cleaning to
ensure the coverslip is suitable for reuse.
To achieve both an increase in Raman scattering and an increase in ease-of-use, the
cells were initially grown in tissue culture flasks and transferred at time of measurement
to the coverslips. This was achieved by suspending the cells, spinning them down and
collecting a small sample of the pellet of the cells, this pellet sample was then dropped
directly onto the coverslip and allowed to air dry. The result of this was a dried, highly
dense layer of cells on top of the coverslip. Figure 5.5 shows the dried cells as seen
under the brightfield microscope. Their morphology seems to remain similar to that of
cells in suspension, despite being dead.

Figure 5.5: Dried cells as seen under brightfield microscopy. Imaged with Raman microscope’s attached
webcam.

The Raman spectrum of these cells was then collected using the same collection
protocol. Figure 5.6 shows the unprocessed spectra of this new dried cells method
and the previous cells grown adherently on a coverslip. This method shows a massive
increase in the SNR of the spectra with the new dried cells method showing much clearer
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Raman features. This is due to the lack of water in the sample allowing a much more
concentrated cell sample within the focal spot of the microscope. The window of the
spectrum for the dried cells is changed due to a reassessment of the biological fingerprint
region, allowing better coverage of biological Raman peaks. This new method resulted
in a SNR of 60.4 (+/- 2.7) which is much higher than the old methods 18.2 (+/- 1.3).

Figure 5.6: Comparison of the Raman spectra obtained from CHO cells grown directly on a quartz
coverslip (blue line) and cells collected from a cell pellet and dropped directly onto a quartz coverslip
and allowed to air dry (green line). Solid line indicates the mean across multiple spectra and the shaded
area indicates one standard deviation. The collection window for each Raman spectra is different due to a
reassessment of the biological fingerprint region.

This new method not only increases the SNR of the spectra but it also removes
the difficulty in growing cells on coverslips for Raman collection. Having a sample
of the cells be able to be taken from a cell suspension allows sampling of cells during
passaging which can make keeping track of autophagy during cell growth much more
easily as it can be integrated into current protocols and does not need to have a separate
sample growing in parallel to the primary cells. A secondary benefit to this new method
is in the processing. The layer of cells is further away from the coverslip, whereas with
cells grown on the coverslip required the laser to focus through the coverslip to see the
cells. Due to this increased distance the contributions from the substrate are negligible
and can be ignored when processing the spectrum. There is also no need for immersion
oil which can also contribute to the spectrum. However, this new method does introduce
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a large amount of stress on the cells. Because of this, the cells are first fixed before
being air dried as to minimise any changes in the cells due to the drying step.

5.3

Cell Fixing

This fixation was tested with three methods; 10% formalin for 10 minutes, 2% formalin
for 1 hour and 100% ice cold methanol for 10 minutes. Figure 5.7 shows the resulting
Raman spectra for each method. Whilst very little difference between all three methods
there is a difference in the SNRs across the three methods. The SNRs were 2.31, 2.67,
and 1.85 for formalin 10%, formalin 2% and ice cold methanol methods respectively.

Figure 5.7: Raman spectra of CHO cells fixed with either 10% formalin for 10 minutes, 2% formalin for
1 hour or ice cold methanol for 10 minutes. Solid line indicates the mean across multiple cells and the
shaded area indicates one standard deviation. All spectra are normalised to the estimation of the baseline,
(Expanded upon in Section 6.3.2).

The mechanism of formalin fixation is protein cross linking. This happens via
formalin binding to lysine, tyrosine, asparagine, tryptophan, histidine, arginine, cysteine,
and glutamine in all of the proteins present in the cell. From there the bound formalin
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reacts with uncharged reactive amino groups which leads to the formation of cross-links
[438]. The mechanism of ice cold methanol fixation is cell protein perception. This
works by the methanol stripping the water out of the cells and denaturing the tertiary
structure of the proteins. Methanol also stabilises the secondary structure of the proteins
[439]. Methanol fixation was used by Shreyas et al. 2017 [9] in their analysis of the
Raman spectrum of autophagic cells. This method offers ease of use as the cells can
be fixed in methanol then placed directly on to the coverslip to dry, whereas formalin
fixed cells need to be washed in PBS to remove excess formalin before drying. Also
methanol is much less toxic than formalin and can safely be handled outside of a fume
hood. However, the methanol fixation can strip the lipids out of the cells, which presents
a challenge when examining the Raman spectrum. Given all of this, it was decided that
methanol fixation was not ideal for Raman spectroscopy, so formalin fixation was used
instead. The spectra for 2% and 10% formalin fixation were highly similar with no
discernible aberrations in either spectrum. Therefore 10% formalin fixation was because
the fixation time is much shorter so there is less time needed for the protocol and there
is less time during which biochemical changes may occur in the cells during fixation.

5.4

Mounting Medium

With the new dried cell pellet method, it is easy to use different mounting mediums, as
all they require is to be able to be presented to the microscope. For this reason a new
mounting medium of a gold mirror (Thor Labs, Germany) was used. This offers the
benefit of being a sturdy and inexpensive medium which is easy to clean and reuse, as
opposed to quartz crystals which are extremely brittle and very expensive. Even though
the gold mirror is opaque the dried cells are well adhered to the surface so it can be
mounted upside down and imaged on an inverted microscope as well. The reason for
using a gold mirror is that gold has a very flat Raman profile [440] and is very reflective
in the infrared region. This allows incident laser light to be reflected back from the
mirror which creates a second pass through the sample and thus a second chance to
induce Raman scattering. The extent of this effect is unknown as the penetration of the
laser and the focus of the laser on the second pass are unknown. When measured the
SNR of the Raman spectra of cells on a quartz coverslip was 6.04 whereas with the
gold mirror the SNR was 18.92. This shows a massive increase in SNR but it is not
immediately clear whether this is entirely due to the mirror or if there are contributing
external factors. The contribution of SERS is unlikely to have an impact on this setups
as the gold mirrors used were coated in a protective layer which would raise the sample
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away form the gold itself, reducing any SERS effect as SERS works on the nanometer
range (exact ranges depends highly on the surface structure of the metal) [441]. The
exact composition of the protective coating on the mirror is unknown as this is a trade
secret.

5.5

Instrument Parameters

The instrument parameters were optimised to yield the best spectrum possible. This
involved increasing the SNR and changing parameters to best suit the needs of the
experiment as well as optimising the parameters for the Raman spectroscopy microscope
used in this work. Each microscope will be different and require its own optimised
setting to function best. For this work the optimisation for this microscope can be found
in Appendix B.
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6

Processing of Raman Spectra

Before any conclusions can be drawn from a Raman spectrum it first needs to be
processed. There is no universal method for this processing, so any steps taken need
to be justified. In Chapter 6 we will analyse the different processing steps and assess
their contributions to the quality of the final spectrum. Any processing performed on a
spectrum introduces bias into the data, therefore care needs to be taken when evaluating
and justifying the processing steps used. In short, the processing must remove noise
and preserve signal, where noise is defined as any data in the spectrum that does not
arise from deliberate changes in the experimental conditions. This definition serves to
exclude all variation that does not not arise for the change in cellular biochemistry and
thus exclude all variations that is not useful in building a predictive model.

6.1

Background Subtraction

Background is any signal which is consistent across all of the samples. For most samples
this represents any substrate used to mount the sample and any contributions from the
environment or instrumentation. This background is collected by taking a measurement
in the exact same configuration as with the experimental setup minus the sample. It
should be noted that the background signal is different from the baseline signal and
each are corrected for in different ways.
This similarity of collection conditions should mean that the background will be able
to be subtracted directly from the sample. However, this is often not the best approach.
One major consideration is the noise within the background measurement which if
not dealt with appropriately, will be added to the noise of the sample spectrum in a
cumulative fashion. For this reason before subtraction of the background a smoothing
algorithm is used to ensure the shape of the background is removed but the noise addition
is minimal. For this work an average of three spectra were taken with each having
cosmic ray spikes removed and a zero order, seven channel window Savitzky–Golay
filter applied [442]. The result was a SNR increase from 86.6 to 107.9 (as estimated
with the SWS method described in Section 4.4). Figure 4.8 shows this background (only
the 380-1800 cm-1 region was used). The background spectrum shows a high similarity
to the Raman spectrum of glass as the greatest contribution to this background is from
the optical elements within the Raman microscope. The background is subtracted from
each spectrum without any scaling. This is because the contribution of the background
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is static across each spectral acquisition. Since the background consists of the Raman
contributions of the microscope’s optical elements its signal will scale only with the total
laser exposure and not with anything else. Background contributions from a mounting
substrate will often change depending on the focal drift of the laser during spectral
acquisition. The best method to counter this is to scale the background subtraction
individually for each spectrum. This scaling can be set to subtract sufficient background
such that the total area under the spectrum is a consistent value across all spectra. Since
the cell pellet on a gold mirror gives a negligible background this step can be ignored in
regards to substrate contributions, and only a static (one-to-one) background subtraction
is needed.
There is an argument that if the background is invariant then it should be left alone
as any processing risks the introduction of more noise into the spectrum. However, since
the background has been smoothed the contribution of noise should be minimal and the
background subtraction will bring the data more in line with a pure Raman spectrum,
increasing the accuracy of subsequent comparisons of the data collected on different
instruments.

6.2

Cosmic Ray Spike Removal

Cosmic ray spikes (CRS) are the result of high-energy particles which interact with the
CCD creating large positive, unidirectional, and relatively narrow bandwidth spikes at
very localised areas of a spectrum. These high-energy particles (mainly protons and
atomic nuclei) originate from beyond the solar system and, through collisions with
atmospheric molecules, often generate a cascade of secondary particles, some of which
(e.g. muons) can interact with the CCD [443]. Due to these particles being able to
penetrate large amounts of solid material (e.g. the walls and ceiling of a building) the
only practical way to counter their effect is to identify and remove them in processing.
Even instrumentation options such as the "Remove CRS" function on the WiRE2
software package (Renishaw, UK) used in this work only remove CRS via internal
processing methods (acquiring three repeat spectra and taking the median over each
repeat).
When it comes to removing CRS the most accurate method would be to remove
them manually. However, this approach quickly becomes infeasible for larger data sets
so an automated approach is needed. The defining features of a CRS are a large positive
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value relative to the values around it and a very narrow bandwidth (usually only one
wavenumber wide). There are two main ways to take advantage of this; first is to look
for this large rapid change in relative value (e.g. deriving the derivative of the signal),
and second is comparing this value to one that should be the same (e.g. looking at the
same wavenumber in a repeat/similar measurement). Figure 6.1 shows a set of Raman
spectra both before (A) and after (B) CRS removal.
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Figure 6.1: (A) all processed spectra from CHOK1, SCC, A549 cells under control (full feed media) and
l-glutamine deprived conditions, pre-CRS removal. (B) the same spectra post-CRS removal.
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6.2.1

Second Differential Method

The main benefit to detection of CRSs by the change in intensity values relative to
adjacent datapoints is that this can be achieved using a single spectrum. For this
implementation, detecting CRS by measuring the rapid change in intensity value is
achieved by taking the second derivative of the spectrum and looking to values below
a set threshold. Figure 6.2 (A) shows the Raman spectrum with a CRS at 497 cm-1
(highlighted with a red circle) and (B) the second derivative of that spectrum. Using this
method it is simple to identify any CRS in the spectra by setting a minimum threshold
where any point below that on the second derivative corresponds to a CRS. The first
problem is that the phenylalanine associated peak at 1002 cm-1 has such a strong Raman
signal that it also displays a large negative value in the second differential. For this
reason the threshold is set to the lowest point in the second differential spectrum of the
mean spectrum across all samples as this averages out the presence of individual CRS
but keeps the 1002 cm-1 peak (this method can only work with appropriately large data
sets). However, this threshold limit can allow smaller CRS to avoid detection. This is
most common in Raman spectra where there is a very high raw signal intensity. This is
because the energy of the particles, that result in CRS when they hit the detector, are in
a constant range but the intensity of the collected signal can be as high as the acquisition
allows. This results in the additional energy imparted to the pixel of the detector, and
therefore the collected value, being proportionally smaller when compared to a low
signal spectrum. Overall, this means that the CRS will be relatively smaller in spectra
with larger collected data values, and therefore be more difficult to detect and correct
for accurately.
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Figure 6.2: (A) A single unprocessed spectrum of CHOK1 cells with a CRS located at 497 cm-1
(highlighted with a red circle). (B) The second derivative of that spectrum with the 497 cm-1 CRS
highlighted.

6.2.2

Wavenumber Averaging Method

The alternative method is to use each repeat measurement to detect abnormalities in the
spectrum. This is achieved via comparing the standard deviation of a single wavenumber
across all repeat measurements. An arbitrary threshold is set (the mean value of all
measurements + a set multiple of the standard deviation) and if any data point is above
this threshold value it is marked as a CRS. However, any calculated mean or standard
deviation values will be impacted by the presence of the CRS, resulting in a much
higher value than expected. To minimise this a first pass is taken with a low threshold
and any data point that exceeds this will be marked as a potential CRS. From here
the mean and standard deviation are recalculated without the suspect data point and
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then the data point is compared to a secondary higher threshold value. This method has
proven to be very effective with data that has a high degree of homogeneity. For this
reason it is best to perform this approach on normalised and baseline corrected data. To
prevent CRSs from having an impact on the baseline correction, the baseline correction
algorithm can be run and the baseline stored so that after the removal of the CRS, the
baseline can be added back to the spectrum to reconstruct the spectrum. This method
also has the advantage of allowing a stricter baseline estimation (larger amount of the
spectrum estimated as baseline) as to increase the spectral homogeneity for the CRS
removal step.
Once the algorithm has detected the presence of a CRS, next it needs to find a
suitable replacement value. For the wavenumber averaging method the mean value
not including the CRS is calculated and used as a replacement value. With the second
differential method, either an iterative stripping method can be used where the height
of the CRS is progressively diminished until it falls below the detection threshold, or
alternatively, the surrounding wavenumbers can be used to extrapolate a replacement
value.
6.2.3

Consensus Method

Both methods here have their advantages and disadvantages with each preforming better
on different types of data. One approach to taking advantage of this is a hybrid of both
methods. Similar to the method implemented by Schulze and Turner (2014) [443], this
involves looking for agreement between both methods on identification of a CRS. The
advantage of this is that each method can be set with much stricter conditions which on
their own would result in massive overestimation of potential CRS, but together form
a better consensus on where the true CRSs lie. Figure 6.3 shows CRS estimations for
both methods (A, B) and the consensus estimations (C).
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Figure 6.3: All spectrum’s (A-C) show the 1400-1800 cm-1 region of the spectrum for 147 spectrum’s
of CHOK1 cells. All spectrum’s have been baseline corrected and normalised to the baseline estimate
and have not had the CRS removed. Each plot has all CRS estimations highlighted with black circles.
(A) CRS estimations using the wavenumber averaging method where CRS are identified by looking for
deviations in the same wavenumber across all samples. (B) CRS estimations using the second differential
method where CRS are identified by looking for rapid changes in the second differential of each spectrum.
(C) CRS estimations that are in agreement between both methods.
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The main disadvantage of the wavenumber averaging method (Figure6.3 A) is that
it is very sensitive to deviations in the spectrum. This means that any spectrum that
does not align with the consensus can have multiple legitimate data points flagged as
CRS, as seen in the 1700-1800 cm-1 region of Figure 6.3 (A). The second differential
method’s main disadvantage is that it does not distinguish well between CRS and areas
of intense Raman signal, as seen in the lipid associated peak at 1425-1475 cm-1 . These
problems can be remedied by reducing the detection sensitivity of the methods but at
the cost of reduced CRS detection. The consensus method (Figure 6.3 C) shows CRS
estimations that are agreed upon by both methods. This gives a much more sensitive
and specific CRS detection than either method alone. Processing time is not a concern
with CRS removal as matrix comparisons are used which allow the whole process to
complete in less than a second, even with large (>1000 spectra) data sets.

6.3

Normalisation

Normalisation of Raman spectrum is well accepted as a critical step in comparing measurements, as different spectrum collected in the same experiment can vary significantly
in intensity while keeping the same shape of the overall spectrum. This is due in part to
changes in the sampling volume. The sampling volume is the area in which the focused
laser light reaches a critical point and can induce the Raman effect with a detectable
efficiency. This means that if this area is not completely filled by the sample then the
resulting overall intensity of scattering will be lower. This can occur if the sample
surface is uneven or if the sample is small and there is significant focal drift (e.g., from
thermal expansion of the sample). However, this does not significantly affect the shape
of the measured spectrum, allowing us to correct this deviation in processing.
6.3.1

Normalisation by Raman Signal

The most common way to normalise a spectrum is to find a point which you know to
be invariant and scale all measurements to that. Selecting the point of normalisation
depends on your data and any external knowledge you have about the system. For
example, in autophagy there is degradation of proteins when they are trafficked to the
lysosome so any Raman signals related to proteins, such as the 1002 cm-1 phenylalanine
associated peak, may be bias towards one condition. This assumes that the change in
protein structure from full protein to constituent amino acids will have a significant
effect on the protein’s Raman signal. It has been shown that the 1002 cm-1 phenylalanine
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associated peak can change dependant on the micro-environment of the phenylalanine
(free amino acid, peptide chain, or full protein) [444]. For this reason the 780 cm-1 DNA
associated peak was used for normalisation in this work.

6.3.1.1

Whole Spectrum Normalisation

This is the simplest method where each sample is scaled so its maximum value is equal
to 1.0. This is quick, simple and computationally inexpensive to preform. However, this
method is the most susceptible to error. This is because the maximum value in a given
spectrum may be at a different point compared to other spectra in the sample. This is
most common if CRS have not been removed prior to normalisation, if the resulting
spectrum is very flat, or if there is a large amount to heterogeneity between samples. As
a result this method should not be used on inconsistent data.

6.3.1.2

Sum of Whole Spectrum Normalisation

An alternative to taking the highest value is to take the sum of the whole spectrum and
use that as the normalisation value. This removes the need to find an invariant peak to
normalise to and minimises signal change contributions by diluting them amongst all
values in the spectrum.

6.3.1.3

Single Point Normalisation

This method overcomes the downfalls of a simple scaling to the maximum value by
constraining normalisation to a single point so all spectrum in a sample are treated
similarly. The main advantage of this is that it allows the best control of the normalisation
process. The wavenumber can be selected based on the SNR of the given wavenumber
or on biological knowledge of the sample. Selecting the wavenumber with the highest
SNR will minimise the deviation in the spectra, this is because normalising a sample
scales it to a single point so any noise within that point becomes zero but that noise is
then added to all other data points in the measurement. This is not a replacement for
biological knowledge as any signal variation in the point of normalisation will also be
spread across the spectrum, thus biasing any biological interpretation, although this will
not bias machine learning algorithms as all the data is still in the system.
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6.3.1.4

Max Within Range

Similar to single point normalisation, this method uses a preset normalisation point,
however this point is calculated to be the maximum within a set range. This allows
variation in spectral alignment to be taken into account. Figure 6.4 shows this difference
in normalisation across the single point (A) and max within range (B) methods. This
method can compensate for either misaligned data where the top of the peak might not
be at the same wavenumber for all spectra, or low resolution data where the peak may
be truncated by poor alignment to the detector pixels.

Figure 6.4: (A) shows the 1002 cm-1 peak normalised to a single wavenumber (1002 cm-1 ) and (B) shows
the same spectra normalised to the maximum value per spectra within a predefined range (1000-1005
cm-1 ).

6.3.1.5

Area Under The Peak

With any spectrographic data, normalisation will be limited in its accuracy by the
resolution of the spectrum. For a sufficiently small FWHM, the highest data point in
the peak may not correspond to the true full intensity of the signal. To get a better
estimation of the signal of the peak, the area under the peak can be calculated and this
value can be used to normalise the spectrum. The boundaries are set at the FWHM of
the peak to reduce influence from any shoulder regions of the peak, although taking in
more data points can produce a better result if this is better for the current data set. This
method will, however, result in the normalised peak having a height lower than 1.0, so a
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second scaling is applied, using a single value, to bring the mean of the peak across all
measurements to 1.0 for ease of comparison with the data.
Figure 6.5 shows a comparison of the five methods performed on Raman spectrum
of CHOK1 cell under full feed media conditions. Each method was performed on a
random subset of 30 spectrum spread across three biological replicates (totalling 147
spectra to select from). Error bars represent the standard error of 20 different 30 spectra
random subsets. These results show that there is a major difference between unprocessed
and normalised spectra. The best performing method is the sum of the whole array
method, with area under the peak coming second. These two methods are taken forward
to assess their compatibility with the baseline estimation and Raman separation efficacy
(Section 6.5).

Figure 6.5: Signal to noise ratios for different normalisation method. SNR were calculated via the SWS
method on 30 randomly chosen spectres, with this process being repeated 20 times. Error bars represent
the standard error across the 20 randomised subsets. All spectra were from three CHOK1 cell preparations,
grown under fed conditions, with a 7x7 map grid of Raman acquisitions per sample (totalling 147 spectra
to select from). All spectres where applicable were normalised to the 780cm-1 peak associated with DNA
[433, 437])
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6.3.2

Baseline Normalisation

Baseline normalisation is a wholly different method compared to the previous methods
described as it does not use any point within the spectrum as a reference for normalisation. Instead this method normalises each spectrum to the estimated baseline from the
baseline correction algorithm. This method has been described previously [445, 446] as
an estimation of the biological material within the sample. This assumption relies on
there being no significant changes within the auto-fluorescence of the samples between
different experimental conditions. Due to this, the baseline normalisation method cannot
easily be compared as the number of parameters is equal to the number of baseline
estimation algorithms and their internal parameters.
To assess the applicability of baseline normalisation comparisons of baseline separation efficacy (Section 6.5) will include three methods or normalisation; normalisation
to DNA, normalisation to whole spectral area and normalisation to baseline estimation.

6.4

Smoothing

Smoothing a Raman spectrum involves removing noise without significantly impacting
signal. This noise is represented by high frequency random fluctuations layered on
top of the Raman signal. A smoothing algorithm will use the surrounding data in the
spectrum to estimate this noise and return a less noisy spectrum. To test these algorithms
the SNR of the spectrum was measured for each using multiple parameter settings to
determine the best SNR gain compared to the amount of signal lost. The signal lost
was estimated by looking at the mean height of the most prominent Raman peak (1002
cm-1 ) before and after smoothing and using any loss of peak height as a measure of
signal loss.
6.4.1

Fourier Transform

The Fourier transform [447] is a mathematical transformation which can break any
signal into its component frequencies, known as a Fourier series. This process can be
reversed by an inverse Fourier transform to reconstruct the signal from this Fourier series.
Each element of a Fourier series represents a component frequency in the decomposed
signal, ordered by increasing frequency. This can be used as a smoothing protocol
by taking a select number of elements in the Fourier series from the high frequency
end of the series and making them equal to zero. This means that when the signal is
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reconstructed the high frequency elements (representing the high frequency noise of a
Raman spectrum) are no longer present.
6.4.2

Savitzky–Golay Filter

The Savitzky–Golay filter [442] is a moving window filter which creates a smoothing
of selected data by fitting a polynomial of a given order to a window of a given size
across the data, and taking the centre point as a smoothed representation of the central
data point. This is done for each data point individually to create a smoothed spectrum.
6.4.3

Whittaker-Henderson Smoother

This method [448] uses a least squares fit to the data with a smoothness penalty of the
smallness of the sum of the squares of third differences (the order of difference can be
customised but is kept as the default third difference for this analysis). This allows the
smoothness of the fit to be controlled by a single parameter.
6.4.4

Wavelet Smoothing

A wavelet is a wave-like oscillation with an amplitude that begins at zero, increases,
and then decreases back to zero. By using these wavelets as a base the signal can be
decomposed into a wavelet series which, much like the Fourier series, can be edited and
reconstructed into a smoothed spectrum. the main difference between Fourier transform
and wavelet transform is that the Fourier transform captures global frequency information (frequencies that persist over the entire signal). Whereas, wavelet transform
contains two pieces of information per entry, the wavelet’s size and the wavelet position. In discrete wavelet transformation a set of wavelet sizes are used, with this the
smaller the wavelet size, shorter period between start and end of the wavelet, the higher
frequencies the wavelet will match. This means that removing the smaller wavelet
decomposition components can effectively remove the high frequency noise with the
spectrum.
6.4.5

Characterising Smoother Efficacy

To judge the efficacy of a smoothing algorithm, an acceptable level of signal loss was
set at 5%. This means that the smoothing algorithms were applied to a set to Raman
spectra with their 1002 cm-1 peak normalised to 1.0. The smoothing algorithms were
applied with increasingly strict smoothing parameters until the 1002 cm-1 peak reached
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0.95, at which point the algorithm was stopped and the SNR was compared to see which
algorithm can best increase SNR with minimal signal loss. For wavelet smoothing the
wavelets chosen had to be assessed for compatibility to the Raman data. This is because
some wavelets can almost completely flatten the spectrum but keep the 1002 cm-1 peak
about 0.95 which results in a deceptively high SNR. To combat this wavelets were only
used if their smoothing of the spectrum was sufficiently uniform. This was measured by
taking the absolute values of the first derivative of the difference between the input and
smoothed spectrum and multiplying this vector by itself. This resulted the amplification
of any points where there was a high rate of change, indicating a more heterogeneous
smoothing. From here the sum of the vector was taken and only the wavelets with a
small value, and a significant SNR increase were chosen. All spectra were visually
inspected for aberrations before any wavelet was approved for smoothing comparison.
Figure 6.6 shows the resulting SNRs for each method.
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Figure 6.6: The SNRs for spectra smoothed using different smoothing algorithms. 403 Spectra were
taken from CHOK1 cells grown under full feed media and processed as described in Chapter 3. Spectra
were split into random 100 spectra subsets and SNR was calculated using the signal to noise of the whole
spectrum (SWS) method. Error bars represent the standard deviation of this process repeated 20 times.
FT: Fourier Transform, WH: Whittaker-Henderson Smoother, SG: Savitzky–Golay Filter, rbio6.8/5.5/2.4:
Reverse Biorthogonal Wavelets, bior2.8/2.4: Biorthogonal Wavelets, db36/29: Daubechies Wavelets.

There was a marked increase in SNRs for all smoothing methods which averaged
17% (+/- 3.1%) across all methods but was greatest with biorthogonal wavelets 2.8 with
a 22% increase. Figure 6.7 shows a close-up of the smoothing for each algorithm used.
As no one algorithm performed significantly better in SNR increase, it was decided
that the Fourier transform algorithm was best for this data as it produced the smoothest
spectrum without excessive deviation from the original spectrum. Biorthogonal and
reverse biorthogonal wavelets all resulted in sharp artefacts in the spectrum.
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Figure 6.7: Results of a small section of a Raman spectrum with each smoothing algorithm. Red
line shows un-smoothed spectrum and black line shows smoothed spectrum. FT: Fourier Transform,
WH: Whittaker-Henderson Smoother, SG: Savitzky–Golay Filter, rbio6.8/5.5/2.4: Reverse Biorthogonal
Wavelets, bior2.8/2.4: Biorthogonal Wavelets, db36/29: Daubechies Wavelets.
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6.5

Baseline Correction

The baseline is a large signal arising from non-Raman effects such as fluorescence (Figure 4.11 gives an illustration of a typical baseline estimation for Raman of mammalian
cells). If no exogenous fluorescent compounds are present then this fluorescence is
referred to as auto-fluorescence. In theory, a complete removal of this baseline would
result in regions of the spectra where no known Raman signal is present falling along the
zero line as opposed to being positively shifted. To achieve this baseline removal, there
have been many different algorithms proposed each with its own advantages and disadvantages. Furthermore, most baseline removal algorithms need to be tuned specifically
to the data set at hand to ensure optimal performance. With these considerations in mind
this section aims to assess the applicability of a set of baseline correction algorithms on
the collected data for this work and on external data, as a measure of an algorithm’s
generalisability.
6.5.1

Information Within The Auto-Fluorescence

Auto-fluorescence arises from molecules within a sample which possess the necessary
chemical structure to absorb and emit photons. Because of this, changes in the autofluorescence profile of a sample suggest changes in the underlying chemical composition.
This implies that there may be information in the auto-fluorescence profile of a sample’s
Raman spectrum. However, the utility of this information is questionable as changes in
the auto-fluorescence profile appear more random than changes in the Raman signal.
There is also the problem of disentangling the Raman signal from the auto-fluorescence
signal as any processing method will only give an estimation of the auto-fluorescence
profile based on the assumptions embedded within an algorithm.
6.5.2

Baseline Correction Algorithms

There are a multitude of algorithms for estimating the baseline of a Raman, or any other
similar, signal. It is beyond the scope of this work to assess all of them, so a small
selection was chosen based on algorithm type and availability.
There are two broad categories of algorithms; data set based and vector (per sample)
based. Data set based algorithms used data about the sample obtained from a preexisting
data set to function, while vector based algorithms need no prior knowledge of the
sample to function. This does not mean vector based algorithms do not need user
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input as most will have tuning parameters which can adjust their function, and thus
their suitability for specific data sets. Data set based algorithms include; singular value
decomposition (SVD), artificial neural networks (ANN), orthogonal signal correction
(OSC) among others. Application of these methods to data in this work is beyond it
scope. In general, as with almost all data set based algorithms, the most important aspect
is having good data to train the model on. A training data set must contain examples
that encompass the maximum range of all forms of variation that could be seen in the
sample data, with those variations being distributed in either a similar way to real world
data or in a uniform manner through the training data. Also, a data set needs to be
sufficiently large to avoid the model ’learning’ the data set. This is where a model has
more parameters than the data set has samples so each parameter can map to a single
sample, thus the model will perfectly learn the training data and fail to generalise to
new data.
A major review into the performance of multiple baseline estimation algorithms was
conducted by Schulze et al. (2005) [449]. In this review multiple baseline estimation
algorithms were tested against a synthetic Raman spectrum, constructed from simulated
Raman signal, baseline signal and noise, and their results were scored by their similarity
to the original Raman signal. While this approach was very good at quantifying the
performance of each algorithm, its reliance on synthetic data leaves the applicability of
its results to real Raman data in question, especially due to its limited scope of baseline
complexity. In this paper the synthetic baseline used was a cumulative normal function
(sigmoid) which is not representative of the more complex baselines seen in whole
cell/tissue Raman samples. The Raman signal was well represented by both individual
and multiple (congested) peaks, however the full width at half maximum (FWHM)
of the peaks was not as broad as seen in most biological samples with their range of
FWMHs being six peaks at 5.7 and one peak at 10 channels. While this represented
seven Raman peaks very well the amount of congestion in a biological Raman spectra
causes multiple peaks to form together into much broader peaks such as the 1420-80
cm-1 and 1640–80 cm-1 bands associated with proteins and lipids (and DNA to a lesser
extent) [428]. This is combined with other uncongested peaks with a FWHM of around
5 cm-1 for the 1002 cm-1 phenylalanine associated peak. This means that baseline
estimation algorithms applied to complex biological data will need to be able to deal
with this variation in FWHMs. Despite these drawbacks this review can serve as a base
of knowledge, with the best performing algorithms being taken forward to be tested on
real-world Raman data sets to assess their functionality.
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The best performing algorithm implemented by Schulze et al. (2005) [449] was
an ANN. This is not surprising as ANNs have tremendous ability to solve complex
problems. The main drawback of their implementation was their overly narrow data set.
The synthetic spectra used all had the exact same Raman signal (although scaled up
in some instances, all peaks were the same position, shape and relative height). This
means the Raman signal in the test data set, against which the algorithm’s performance
was measured, was identical to the Raman signal in the training data, which was
supplied to the ANN in its pure convoluted form to give the network a ground truth
to optimise towards. This, combined with the fully connected network and relatively
small training data set, meant that the ANN could effectively ’learn’ the whole data
set without understanding the underlying patterns intrinsic to Raman signals, noise or
auto-fluorescent baselines. To combat this a larger, more varied data set of different
peak positions, heights and FWHM along with varying baseline shapes should be used.
This would prevent the ANN from memorising where the peaks are as the test data will
not necessarily follow a specific pattern. This variability forces the network to learn the
common features of Raman signal, noise and auto-fluorescent baseline thus increasing
its generalisability as an algorithm.
The second best preforming algorithm was a manual method. This used user input
to identify where no Raman signal was present. From there a polynomial was fitted
using these points of zero Raman signal. This is a highly accurate method but quickly
becomes impractical for larger data sets. This method could be combined with ANN
as a method to generate training data where there is none available. All other methods
were less accurate than ANN and manual estimation but most fared well and were able
to give a relatively accurate estimation of the baseline.
The algorithms used in this work are shown in Table 6.1. All algorithms were
implemented in Python with; small window moving average (SWiMA), rolling ball
(RB), Fourier transform (FT), moving average (MA) and manual being adapted for this
work and asymmetric least squares (ALS), adaptive iterative reweighed penalised least
squares (airPLS), modified polynomial (ModPoly) being used directly as implemented
by others. Because of this, the adapted algorithms cannot necessarily be considered
a true reflection of their originals in output and computational speed, but have been
significantly tested to ensure they function as closely to intended as possible.
Algorithm

Parameters
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Reference

Asymmetric Least Squares lambda = 10**4
(ALS)
p = 0.01
iterations = 10

[426]

Adaptive Iterative Reweighed lambda = 30
Penalised Least Squares
polynomial order = 1
(airPLS)
max iterations = 15

[450]

Modified Polynomial
(ModPoly)

polynomial = 3

[451]

Small Window Moving
Average (SWiMA)

iterations = 10

[452]

Rolling Ball (RB)

ball width = 25
ball height = 5000

[453]

Fourier Transform (FT)

Fourier Value = 100

[447]

Moving Average (MA)

Moving Average = 100

[449]

Manual

Pre-selected Signal Regions

[449]

Table 6.1: Parameters in bold were varied during analysis and do not necessarily match up with what is
shown in the table

6.5.2.1

Asymmetric Least Squares

Asymmetric least squares [426] used the well established Whittaker smoother method
[448] to estimate a fit to the data. This fit estimation is altered using an asymmetric
function to weight the least squares fit of the smoother more heavily for negative values
(below the estimated value). This fitting is repeated in an iterative process until the fit
values converge or an arbitrary iteration limit is reached. The lambda value is a user
input which denotes the penalty for the roughness of the smooth, which is calculated
by taking the sum of the squared differences: A higher lambda means a smoother fit
at the expense of the fit to the actual data. The p value denotes the level of asymmetry
in the weighting of the least squares fit where the weight = p, if the value is above the
estimate, and the weight = 1 - p, if the value is below the estimate.
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6.5.2.2

Adaptive Iterative Reweighed Penalised Least Squares

Adaptive iterative reweighed penalised least squares [450] builds on the asymmetric
least squares algorithm with the assumptions that the asymmetric penalty p is not the
same across all wavenumbers in a spectrum. This allows the algorithm to adapt its
calculation of the p value and therefore reduce the number of user inputs from two to
one, allowing simpler tuning of the algorithm.

6.5.2.3

Modified Polynomial

Modified polynomial [451] is a method that uses the well established technique of
fitting a polynomial to the data as an estimation of the baseline. However, this fit will
not only fit to the auto-fluorescent baseline but also to the Raman signal layered on top
of the baseline. To address this, the modified polynomial uses iterative re-weighting
where a polynomial is fitted to the data and any spectral channels with values higher
than the estimate are set to the estimated value. This process is repeated multiple times
until the new estimate converges with the previous.

6.5.2.4

Small Window Moving Average

Small window moving average [452] applies a zero order, three channel wide window
Savitzky–Golay filter [442]. Any values above the estimation are set to the estimated
values and the process is repeated with a two channel increase in the window size. This
process repeats until the set number of iterations is reached. The original implementation
of this method used an automated stopping criteria where the algorithm stops when the
amount of subtracted baseline per iteration trends negative from the previous iteration,
however this was not implemented here as it was found to be too inconsistent for
complex biological data.

6.5.2.5

Rolling Ball

Rolling ball [453] simulates a ball of preset size ’rolling’ underneath the spectrum with
the centre of the ball tracing an estimated baseline. The smaller the ball the closer it can
trace the spectrum. This method acts as a band pass filter with smaller FWHM Raman
peaks being ignored by the algorithm but larger FWHM auto-fluorescent contributions
being filtered out.
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6.5.2.6

Fourier Transform

Fourier Transform [447] can be used as a baseline estimation method in the opposite
way as its use as a smoothing method (Section 6.4.1). By taking a set amount of the
low frequencies in the Fourier series and making them equal to zero when the signal
is reconstructed, via the reverse Fourier transform, the low frequency components
of the signal (corresponding to the baseline estimate) will be removed. The Fourier
value parameter is the number of entries in the Fourier series replaced with zeros,
corresponding to the range of low frequency components to filter out.
6.5.2.7

Moving Average

Moving average [449] applies a moving average filter to the data and takes the result as
the baseline estimation. The edges of the data are padded with a consent value (repeat
of the last/first value) to reduce edge effects. This method results in large portions of the
spectrum being below the zero line however that data is still preserved. There are other
moving average methods which implement iterative re-weighting of the fit, however
these methods are not implemented here for simplicity’s sake and to assess a baseline
estimating function with no assumptive re-weighting parameters.
6.5.2.8

Manual

The manual function works by preselecting the regions of signal and no signal then
drawing a baseline to that. For a vector y = {y1 ,y2 ,y3 ,...,yi } of i observed frequency
channels, if yi is a non signal channel then the baseline estimation b will be bi = yi .
From there, the baseline regions were used to fit a polynomial estimation of the baseline
which was then subtracted from the original spectrum. To select the polynomial order,
the baseline regions were fitted to increasing order polynomials until the residuals of
the fit converged at a stable minimum.
6.5.3

Raman Signal Separation Efficacy

There is no straightforward method for assessing baseline estimation algorithms as this
would require knowledge of exactly what were the baseline and Raman signal and noise
components of a spectrum. Without this knowledge only an estimation of a baseline
can be obtained. Using a SNR to assess quality is also not possible as the baseline
is not randomly distributed like the noise and thus will be calculated as signal. This
results in any baseline algorithm giving a lower SNR after correction for all but the most
147

heterogeneous baselines. Therefore, here each algorithm will be assessed instead on its
ability to separate distinct groups of spectra by their sample type across multiple sample
permutations and multiple data sets. This will allow an estimation of the applicability
of the algorithms to real-world data.
To achieve this Raman spectra from multiple Raman experiments using multiple
sample sets have been assessed against all baseline estimation algorithms using a
standard processing procedure. The performance of the algorithms will be assessed
on their ability to separate different Raman spectra, as assessed by linear discriminate
analysis of the principal component analysis of processed spectra. A good algorithm will
not only have a high accuracy but a high consistency across multiple data sets, showing
a good generalisability. The spectra will be split into different data configurations based
on their biological attributes.

6.5.3.1

Data Sets

In this work three data sets were used. The first is the autophagy data set which consists
of Raman measurements of cells under autophagy-inducing conditions. The second is
radiation resistant cancer cells, with wild-type counterparts. The third is brain and skin
cells for wild-type and Huntington’s disease cells.
The autophagic data set consists of CHOK1, SCC (Atg5(+/+) /Atg5(-/-) ) and A549
(Atg5(+/+) /Atg5(-/-) ), where Atg5(-/-) cells are autophagy deficient. Raman spectra were
acquired for short (4 hours in EBSS) and long (1-5 days without l-glutamin) ’starvation’
feeding regimes. Table 6.2 shows the different data configurations, for the autophagy
data set tested.
The radiation resistant cells data set consists of a set three cell lines (MCF-7, MDAMB-231 and ZR-75-1) with both wild-type (WT) and radiation resistant (RR) lines for
each cell type. More information on these cells and an analysis of the Raman spectra
for these cells can be found elsewhere [446]. The Raman spectra in this data set were
collected using the same protocol as for the autophagy data set, so this data set will act
as a good measure of overfitting as any method that preforms well on the autophagy
data set but not on this one suggest the method is overfitting to the autophagy data
set, and vice versa. Table 6.3 shows the different data configurations, for the radiation
resistant cells data set tested.
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The Huntington’s disease data set consists of two cell types (brain and skin) with
both having a WT and Huntington’s disease (HD) cell line. This data set has highly
divergent baselines and Raman signals, even in the same sample collection so will serve
as a good measure of an algorithm’s applicability to messy data. Table 6.4 shows the
different data configurations, for the Huntington’s disease data set tested.
Autophagy Data Set
Set ID

Cell(s)

Conditions

Spectres (biological repeat)

1

CHOK1

Fed
Starved (4h)

659 (5)
659 (5)

2

A549 (WT)

Fed
Starved (4h)
Fed
Starved (4h)

363 (3)
363 (3)
363 (3)
363 (3)

Fed
Starved (4h)
Fed
Starved (4h)

243 (3)
243 (3)
209 (3)
192 (3)

A549 (Atg5(-/-) )

3

SCC (WT)
SCC (Atg5(-/-) )

4

All Cells (WT)
All Cells (WT)

Fed
Starved (4h)

1265 (11)
1265 (11)

5

CHOK1

Fed
Starved (2 days)
Starved (5 days)

234 (1)
252 (1)
192 (1)

6

A549 (WT)

Fed
Starved (2 days)
Starved (5 days)
Fed
Starved (2 days)
Starved (5 days)

363 (3)
243 (3)
243 (3)
363 (3)
243 (3)
243 (3)

Fed
Starved (1 day)
Fed
Starved (1 day)

243 (3)
243 (3)
209 (3)
243 (3)

A549 (Atg5(-/-) )

7

SCC (WT)
SCC (Atg5(-/-) )
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8

A549 & SCC (WT)
A549 & SCC (WT)

Fed
606 (6)
Starved (1/5 days) 486 (6)

Table 6.2: Autophagy data set. Each set ID denotes a split of the data which was tested for its separation
accuracy against different baseline estimation algorithms. Each line in the table denotes a classification
class so some data splits have more classes and are not a simple binary separation. Conditions denote the
treatment condition for the cell prior to Raman collection with fed cells being treated in full feed media,
Starved (4h) cells being incubated for four hours in EBSS and Starved (1-5 days) cells being incubated in
full feed media minus l-glutamin for one to five days. The spectra column is a count of the total spectra
for that sample class and in brackets the number of biological repeats across which these spectra are
distributed. All cells in set ID 4 represent all wild-type cells (CHOK1, SCC, A549).

Radiation Resistance Data Set
Set ID

Cell(s)

Radiation Resistance

Spectres (biological repeat)

1

MCF-7

WT
RR

100 (1)
100 (1)

2

MDA-MB-231

WT
RR

100 (1)
100 (1)

3

ZR-75-1

WT
RR

100 (1)
100 (1)

4

All Cells
All Cells

WT
RR

300 (3)
300 (3)

5

MCF-7
MCF-7
MDA-MB-231
MDA-MB-231
ZR-75-1
ZR-75-1

WT
RR
WT
RR
WT
RR

100 (1)
100 (1)
100 (1)
100 (1)
100 (1)
100 (1)

Table 6.3: Radiation resistance data set. Each set ID denotes a split of the data which was tested for its
separation accuracy against different baseline estimation algorithms. Each line in the table denotes a
classification class so some data splits have more classes and are not a simple binary separation. Radiation
Resistance denote the resistance types of the cells; either wild type (WT) (no radiation resistance) or
Radiation resistant (RR). The spectra column is a count of the total spectra for that sample class and in
brackets the number of biological repeats across which these spectra are distributed.
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Huntington’s Disease Data Set
Set ID

Cell(s)

Huntington’s Status

Spectres (biological repeat)

1

Brain

WT
HD

25 (25)
23 (23)

2

Skin

WT
HD

23 (23)
29 (29)

3

Brain
Skin

WT & HD
WT & HD

48 (48)
52 (52)

4

Brain

WT
HD
WT
HD

25 (25)
23 (23)
23 (23)
29 (29)

Skin

Table 6.4: Huntington’s disease data set. Each set ID denotes a split of the data which was tested for
its separation accuracy against different baseline estimation algorithms. Each line in the table denotes
a classification class so some data splits have more classes and are not a simple binary separation.
Huntington’s status denote the Huntington’s Disease status of the cells; Huntington’s disease (HD) and
wild type (WT). The spectra column is a count of the total spectra for that sample class and in brackets
the number of biological repeats across which these spectra are distributed.

6.5.3.2

Cosmic Ray Spikes Effects on Baseline Estimates

CRSs are removed from a spectrum before analysis, but this removal process requires
baseline corrected data to function best as the variation in the baseline can mask the
CRS. For this reason any algorithm chosen will need to be able to function without
significant distortion to their estimations resulting from CRSs. Figure 6.8 A shows each
algorithm’s baseline estimation on a synthetic CRS with the resulting root mean squared
error (RMSE) shown in Figure 6.8 B. The results show that the estimation of a simple
linear baseline can be distorted in the presence of a CRS. According to the RMSE, the
worst performing algorithm was the Fourier transform (FT), however this is misleading
as the FT method removed the CRS completely. Tweaking the parameter of the FT
method can allow it to ignore the CRS but this results in a failure to completely subtract
the baseline. This shows that the FT method is highly effected by the CRS. There may
be scope to tune the FT method to remove CRSs during baseline correction but this
would risk removal of Raman signal if not tuned exactly for the data at hand. The only
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other baseline estimation method that failed to account for the CRS was the MA method.
This is because this method is a simple implementation with no correction for high
signal intensity. The remaining methods; asymmetric ALS, ModPoly, SWiMA, RB
and airPLS all gave very accurate estimations of the baseline without being corrupted
by the CRS. However, SWiMA and airPLS suffered from edge effects, ModPoly gave
a flat but negatively shifted spectrum compared to the ideal spectrum and RB gave a
flat but positively shifted spectrum compared to the ideal spectrum. These errors are
not a result of the CRS so should be seen as general limitations of the methods. The
best performing method in terms of RMSE was, by an order of magnitude, ALS. This
does not necessarily conclude that ALS is the best for all situations, or for all CRS
permutations, but it has been shown to handle this simulated data excellently and should
be suitable for baseline correction preceding CRS removal.
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Figure 6.8: (A) A 100 channel spectrum with a linear baseline was constructed. Channel 49 consists of a
CRS of 251 intensity value (300 including baseline). Red dashed line indicates the spectrum without
the baseline. Black lines indicate estimations of the spectrum after baseline correction using different
baseline estimation methods (Raw panel shows spectrum without baseline correction). (B) Root means
squared error (RMSE) of the estimated Raman spectrum compared to the ideal spectrum. Note RMSE is
displayed on a log scale.
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To ensure CRSs have minimal effect on the baseline estimation algorithms all spectra
data sets are baseline corrected by ALS followed by a temporary normalisation to the
1002 cm-1 peak and CRS removal. This allows accurate CRS removal by minimising
deviation from the baseline and the differences in spectral sample loading (amount
of sample in the focal spot of the laser during Raman acquisition). From here the
normalisation values and baseline estimates are reapplied to the spectra to reconstruct
the original unprocessed spectrum without CRSs. This allows subsequent baseline
correction to proceed without distortion from CRSs. This process does significantly
increase processing time for any non ALS baseline correction procedure but it is still
orders of magnitude less than the collection time of the Raman spectra, so should not
pose a bottleneck for any automated procedures.
6.5.4

Experimental Setup

All spectra were processed in the exact same way except for the baseline correction
and the normalisation. Each of the above mentions algorithms is tested against each of
the above mentioned data sets and a separation accuracy is assessed. This separation
accuracy is the mean accuracy of a ten-fold cross-validation using the first ten principal
components of the processed spectra, which are then used to fit a linear discriminate
analysis model. This process is repeated ten times using different splits of the data
sets (the data is split using a stratified K-fold split which keeps the ratio between the
target classes the same in each fold as it is in the full data set). This analysis process for
all baseline estimation algorithms is repeated three times with different normalisation
conditions. The spectra are normalised to the estimated DNA content of the cells (sum
of the area under the 780 cm-1 peak), the whole spectrum (sum of the area under the
whole spectrum) or the estimated baseline (sum of the area of the estimated baseline).
Each normalisation protocol is assessed separately. To ensure each baseline estimation
algorithm is given a fair assessment the process is run ten times with different parameters
of each baseline algorithms (except ModPoly and manual baseline estimation which
used 3 and 1 parameters respectively) and the best result from these ten parameters is
used for that algorithm on that data set.
The spectra were processed by first employing a static background correction
using a zero order, seven channel window Savitzky–Golay filter smoothed background
spectrum. Next ALS baseline correction was employed, followed by normalisation
to the 1002 cm-1 peak and CRS removal. The spectra were then reverted to their
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unprocessed form without CRS by reversing the normalisation and adding back the
subtracted baseline. Then one of the baseline estimation algorithms was used to correct
for the auto-fluorescent baseline. The spectra were then normalised to either the DNA
content, the sum of the whole spectrum or the sum of the baseline estimation. Thereafter
deviations in the alignment of the wavenumbers were corrected for (see Section 6.6
for more information on x axis alignment). Finally, a Fourier transform smoother was
used to remove high frequency noise. Tables 6.5, 6.6, 6.7 show the separation accuracy
of each baseline estimation algorithm on each data set and data split. The results are
coloured by their relative values from green for high accuracy to red for low accuracy.
Each split of data is coloured separately so the colours are only comparisons across a
single data split. The average accuracy for each algorithm is given in the bottom row
and in Figure 6.9.
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Table 6.5: Separation efficacy of different baseline estimation algorithms across different data sets
and data splits using an area under the peak normalisation method to normalise to the 780 cm-1 DNA
associated peak. Each result is a percentage of separation as measured by linear discriminate analysis of
the first ten principal components of the processed spectra. The baseline correction process was repeated
ten separate times using a range of parameters and the top preforming result is displayed here. The results
are coloured by their relative values from green for high accuracy to red for low accuracy. Each split of
data is coloured separately so the colours are only comparisons across a single data split (each row in the
table). The average accuracy for each algorithm is given in the bottom row. Information of the set ID’s
can be found in Tables 6.2, 6.3, 6.4. and information on the baseline algorithms and parameters can be
found in Table 6.1.
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Table 6.6: Separation efficacy of different baseline estimation algorithms across different data sets and
data splits using a whole area under the spectrum normalisation method to normalise the spectra. Each
result is a percentage of separation as measured by linear discriminate analysis of the first ten principal
components of the processed spectra. The baseline correction process was repeated ten separate times
using a range of parameters and the top preforming result is displayed here. The results are coloured by
their relative values from green for high accuracy to red for low accuracy. Each split of data is coloured
separately so the colours are only comparisons across a single data split (each row in the table). The
average accuracy for each algorithm is given in the bottom row. Information of the set ID’s can be found
in Tables 6.2, 6.3, 6.4. and information on the baseline algorithms and parameters can be found in Table
6.1.
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Table 6.7: Separation efficacy of different baseline estimation algorithms across different data sets and
data splits using a sum of estimated baseline area to normalise each spectrum. Each result is a percentage
of separation as measured by linear discriminate analysis of the first ten principal components of the
processed spectra. The baseline correction process was repeated ten separate times using a range of
parameters and the top preforming result is displayed here. The results are coloured by their relative
values from green for high accuracy to red for low accuracy. Each split of data is coloured separately so
the colours are only comparisons across a single data split (each row in the table). The average accuracy
for each algorithm is given in the bottom row. Information of the set ID’s can be found in Tables 6.2, 6.3,
6.4. and information on the baseline algorithms and parameters can be found in Table 6.1.
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Figure 6.9: Average separation accuracy for each baseline estimation method using the top performing
parameters across all data sets and data split. Red bars show DNA normalised results, Blue bars shown
whole spectrum normalised results and green bars show baseline normalised results. Error bars indicate
one standard deviation.
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Figure 6.9 shows that despite many different methods of baseline estimation there is
little difference in the average separation efficacy, except for Fourier transform which
performed poorly relative to all other algorithms, except in baseline normalisation.
This is most likely down to the complexity of the baseline as the Fourier transform
separates a signal into its component frequencies, but the more complex that signal the
more frequencies are present. This means that sufficiently complex baseline would have
frequencies that may cross into the mid range frequencies occupied by the Raman signal,
resulting in loss of Raman signal during baseline correction. Manual also preformed
poorly relative to other methods but only with DNA normalisation. Consequently,
normalisation to the estimated baseline seems to yield consistently good separation
efficacy. There was no significant change in the relative results when the number of
principal components used for the separation was reduced from ten to three, showing
that the results are not being skewed by overfitting.

The best across the board performance was MA with baseline normalisation with
an average separation efficacy of 90.34% (+/- 11.5%). This is interesting as the MA
algorithm was not implemented with any explicit method of discerning Raman signal
from baseline when fitting. Whereas ALS uses asymmetric weighting and ModPoly
uses iterative refitting with peak stripping to exclude Raman signal, MA only takes
the moving average of the whole spectrum. Other implementations of MA have used
iterative methods to draw a more ’accurate’ baseline estimation [454]. Overall there
is little difference in the performance of most algorithms so other factors will need to
be used to decide which one to employ for this work. While the performance of the
algorithms are consistently good, this was achieved in part by the use of ten different
parameters for each algorithm, ModPoly only used three and Manual only used one,
and taking the top performer of all ten attempts. This avoided any algorithm being
unfairly dismissed due to poor optimisation but it also encouraged overfitting to the data.
Since there is no standout algorithm the next step is to see which algorithm preformed
best with the least variation in its parameters. To do this the average accuracy of each
parameter for each algorithm was calculated and then the best performing parameter was
used to evaluate all sample sets. This was done for DNA and baseline normalisation as
whole array normalisation led to significantly higher errors in the discriminate function.
The origin of these errors is unknown, so for robustness of the method whole array
normalisation will not be used. Figure 6.10 shows the resulting average accuracy for
each baseline estimation algorithm over the different data sets when only a single
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parameter is used. The data used do not include Huntington’s disease data set as this
was deemed to diverge from the others for specific optimisation. This is due to it having
a large and highly varied baseline which is very different from the autophagy spectrum’s
highly similar baselines. This makes any optimisation on the Huntington’s disease
data set non-transferable to the autophagy data set. From this data we can see that
the performance across all data is relatively similar for each algorithm. The baseline
estimations of the top four algorithms (ALS, SWiMA, RB, MA) are shown in Figure
6.11 (A), while Figure 6.11 (B) shows the first derivative of each estimate. Out of these
chosen algorithms ALS is the only one to give a smooth baseline estimate. Figure 6.11
(C) shows the baseline corrected spectra, while MA had a very high separation efficacy
the baseline subtraction resulted in large portions of the spectra underneath the zero
line. For the purposes of separation analysis this can be used as any negative values
are still representative of information, but in terms of spectroscopy this implies these
regions have negative Raman scattering which is not possible. The SWiMA algorithm
was found to over-fit certain regions of the spectrum, resulting in flat regions of the
corrected spectrum and very sharp features in the first derivative. Out of all algorithms
ALS performed the best at handling CRSs and gave the smoothest estimation while
having comparably high separation efficacy for the Raman spectra data sets. For these
reasons ALS was chosen to be taken forward as the sole baseline correction method
using in this work.

161

Figure 6.10: Average separation accuracy for each baseline estimation method using only a single
parameter across all data sets and data split. Red bars show DNA normalised results and green bars
show baseline normalised results. Error bars indicate one standard deviation. The parameters used for
the algorithms are as follows; ALS: Lambda = 100,000 p = 0.01, airPLS: Lambda = 40, ModPoly:
Polynomial order = 1, SWiMA: Iterations = 20, RB: ball height = 5000, ball width = 50, FT: Fourier
values discarded = 100, MA: Window size = 50.
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Figure 6.11: Baseline estimates based on different algorithms. (A) shows the raw spectrum (Average
Raman spectrum of 147 spectra of fed CHOK1 cells after CRS removal) and estimations of the baseline
component via different algorithms, estimations are offset for clarity. (B) shows the first differential of
the baseline estimates are an indicator of their smoothness. Only ALS gives a uniformly smooth baseline
with MA fitting tightly to the data (resulting in many baseline estimates above the Raman signal) and
SWiMA and RB both showing sharp areas along the estimated baseline. Baseline estimate differentials
are offset for clarity. (C) shows the baseline estimates applied to the non baseline corrected Raman
spectra in plot A. All spectra are offset for clarity with a black dotted line to represent the zero line.
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6.6

X Axis Alignment

Between, and to a small extent during, Raman acquisition the alignment of the beam
path can change, resulting in spectra which have mismatched x axis (wavenumber shift).
This can present a problem in comparing spectra as comparisons between individual
wavenumbers may differ due to instrument calibration and not sample difference. This
can in extreme cases lead to false positives in analysis where a difference seen in the
spectrum, especially if there is very small change in the Raman signal between samples,
can wholly be due to spectral misalignment. This problem is further exacerbated by
the use of machine learning techniques as subtle changes in calibration can be easily
detected by sufficiently powerful algorithms. This is known as overfitting (the concept
of overfitting is explored in greater depth in Section 9.2).
To combat this misalignment before each set of experiments are conducted a calibration procedure is run on the Raman microscope using a silicon wafer reference
standard. This silicon wafer has a single intense peak at 520.4 cm-1 , which can be used
to align the wavenumber assignments. This alignment is good, but for the purposes of
this work a more stringent alignment is needed. To achieve this the spectra need to be
aligned via a processing method on the already collected data. The simplest approach
to achieve this is to take a single abscissa in the first spectrum (e.g. tip of the 1002
cm-1 peak) and set that to a virtual zero. Then all subsequent spectra will be shifted so
that their points align as best as possible to the virtual zero point. The main problem
with this approach is that the mal-alignments in the spectra for this data are smaller
than the resolution of the spectrum. This is best illustrated in Figure 6.4 (B) where the
highest point in the 1002 cm-1 peak is not necessarily represented in the spectrum. This
truncation of the peak is why normalisation is done via area under the peak instead
of the highest recorded value of the peak. This area approach can be used to align the
spectra, but this does not remedy the problem of the misalignment being too small for
the channels in the spectrum. To solve this the spectrum needs to be interpolated to allow
much finer adjustments in the alignment. As with any data generation, interpolation
makes assumptions about the spectrum to fill in the intermediate values, thus increasing
the effective resolution of the data. These assumptions need to be evaluated to ensure
there is no significant distortion of the data. Figure 6.12 shows the tip of a 1002 cm-1
peak with different methods of interpolation. The only method of interpolation which
makes no assumptions about that data is linear, where a linear line is drawn between
each data-point and subdivided into new data-points. The other methods, cubic and
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quadratic, fit a cubic and quadratic function respectively to the data to construct the
assumed missing data-points. Figure 6.12 (D) shows the difference between the original
spectrum, and the interpolated spectra. For this work quadratic interpolation is used
as it gives the best interpolation when judged visually. While this process does distort
the data, the benefits of being able to preform fine tuned alignments far outweighs the
minor distortions incurred. This interpolation also allows a much more accurate location
of the true top of the 1002 cm-1 Raman peak. The spectrum is interpolated to ten times
its original resolution, and each spectrum in the sample is aligned to one another along
the x axis. This process allows the correction of not only inter-sample variation but
intra-sample variation. Figure 6.13 shows the difference between pre (A) and post (B)
x axis aligned spectra. This alignment removes a large amount of deviation in x axis
position of the 1002 cm-1 Raman peak, however this does assume that the highest value
is at the top of the peak and that there is no peak shifting in the spectra. There is also
the computational penalty of this process due to each spectrum now being ten times
larger so any subsequent processing will take approximately ten times longer and use
ten times more computer memory. For small sample sets this is not an issue but for
larger sample sets this alignment needs to be conducted near the end of processing to
ensure minimal impact on computational resources. There is the option to down sample
the data by taking every Nth point where N is the factor by which the spectrum was
interpolated. However, this would lose the benefit of the interpolated data where certain
peaks are not truncated (Figure 6.12 (A)), and since the spectra have been shifted by
a subdivision of the original spectrum resolution the new points taken would not line
up with the old points so any data points would still represent interpolated data. It was
decided not to down sample the data since the analysis used, in most cases, employed
PCA dimensionality reduction which results in much smaller data sets to work with.
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Figure 6.12: Three different types of interpolation shown on the tip of the 1002 cm-1 Raman peak.
(A,B,C) Black solid line shows the original spectrum; blue dashed line shows a linear interpolation, red
dashed line shows a cubic interpolation and green dashed line shows a quadratic interpolation. (D) shows
the differences between the original spectrum and the interpolated spectra. Interpolated specta are not
fitted to full spectrum here so some edge effects can be seen, whereas in full spectra the edges are padded
to avoid this. All interpolation is done using the built in interp1d function from the Python package scipy
(https://docs.scipy.org/doc/scipy/reference/generated/scipy.interpolate.interp1d.html)
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Figure 6.13: Differences in the 1002 cm-1 Raman peak before (A) and after (B) x axis alignment. Spectra
in (B) are ten times larger and appear smoother than in (A) due to the use of a quadratic interpolation. All
spectra are aligned individually regardless of parent sample.

6.6.1

Peak shift

All peaks in the Raman spectrum represent a distribution of probabilities that follow a
Voigt distribution pattern (a mix of Gaussian and Lorentzian distributions). The wave
number generally assigned to the peak is the mean of the distribution (though some
peaks may be assigned a range if the distribution is very large, or if the peaks are
representative of a grouping of smaller component peaks e.g., amide I). However, the
wavenumber of a peak is dependent on the microenvironment of the molecular bond in
question. Changes in this environment (e.g., conversion from solid powder to dissolved
in solution) can result in a change in the Raman scattering of the photons, thus a change
in the mean wavenumber of the peak. This is known as peak shifting and it is prevalent
in almost all peaks in the Raman spectrum. Peak shifting can give a lot of information
about a sample, but this is assuming the resolution of the systems is high enough to
discern any peak shifts. Also, the calibration of the system needs to be highly accurate
otherwise any peak shift observed will be indistinguishable from misalignment of the
spectra.
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To address this, first the Raman spectrometer is calibrated before every use to ensure
minimal drift in the spectra between experiments. This, however, can not completely
remove misalignments. A more robust method would be to find a peak which is known
to have no peak shift and use this to align the spectrums. Unfortunately in the spectrum
of mammalian cells there is no reliably static peak. Alternatives can be to introduce a
reference standard such as silicon which will generate a strong peak which is relatively
invariant, however this is not possible for all setups.
In this work I chose to use the 1002 cm-1 peak associated with phenylalanine as it
is the most prominent peak (highest intensity to width ratio) to align to. This however
creates the conundrum that any shift in the 1002 cm-1 peak will be removed from the
spectrum. For the purpose of this work this is an acceptable trade off to remove any
Raman system drift.
Consider the following equation:
P = R+d

(5)

Where P is the mean wavenumber of the peak, R is the mean wavenumber of the
Raman scattered photons, and d is the drift within the system. The value of d will be
different for each spectrum. This equation will also be different for each condition
examined in the experiment.

Pc = Rc + d
Pe = Re + d

(6)

Where Pc and Rc are representative of the control condition and Pe and Re are
representative of the experimental condition. The alignment process takes Pc for all
control spectra and makes them equal to the mean of all Pc values which removes the d
component of the equation entirely. Next Pe is aligned to Pc mean as well, removing
d from the experimential spectrum. Thus results in Pc being equal to Pe . However,
now any difference in Re has been removed from the peak. This difference is not lost
but instead is applied to all other wavenumbers of each of the spectra. For analysis of
peak shifting this will not work as the alignment has biased all other peaks, however
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for discriminating between the two spectrums this bias is confined to each condition
separately so any differences will be specific to that condition. Because of this, the
alignment of the specta has effectively removed any system drift without removing the
information from the peak shift.
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7

Raman Spectroscopy of Autophagic Cells

While previous researchers have measured the change in the Raman spectrum of cells
in both their baseline and autophagy induced states [8, 9], there has not been an
indepth exploration of Raman spectroscopy’s potential as an analytical tool in regards
to autophagy. Chapter 7 aims to expand upon this with a more indepth look into the
Raman spectrum of the autophagy response, and the robustness of the changes seen
within. The main goal is to establish Raman spectroscopy’s utility in detecting and
measuring autophagy in cells.

7.1

Inducing Authophagy by Amino Acid Starvation

Earle’s balanced salt solution (EBSS) is an isotonic balanced, pH buffered solution
supplemented with glucose, calcium and magnesium. This solution provides the cells
with everything they need, except amino acids and serum. Mammalian cells incubated
in EBSS will rapidly undergo autophagy due to the lack of amino acids via inhibition of
the mTOR protein [204]. Incubation in EBSS at 37o C for 4 hours is sufficient to induce
a significant up-regulation of the autophagy response in most mammalian cells (Figure
7.1) without triggering increased apoptosis or necrosis [199] (all cells were within 90%
of there control viability, Figure 7.2).
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Figure 7.1: Immunostained cells using an anti-LC3B-II antibody on cells under control and various
starvation conditions. Cells were grown using full feed media to approximately 70% conflucency before
being treated with either 4 hours in Earls balanced salt solution, 4 hours in Earls balanced salt solution
with 50µM chloroquine diphosphate. All images are enlarged in Figures A.1-A.7
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Figure 7.2: Viability of cells under different autophagy induction protocols. Viability was measured by
propidium iodide staining of cells. (A) shows the overall viability of the cells and (B) shows the change
in viability from the control conditions. All cells were treated with control conditions (full feed media)
and 4h no amino acids (earls balanced salt solution). CHO and A549 cells were treated for 2 and 5 days
without l-glutamine while SCC cells were treated for 1 and 2 days without l-glutamine.
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7.1.1

CHO Cells

Chinese hamster ovarian (CHO) cells are an epithelial cell line derived from the ovary
of the Chinese hamster (Cricetulus griseus) by Theodore T. Puck and colleagues in 1957
[455]. Since then these cells have found a niche in the therapeutic protein production
space as they are easy to culture cells with high levels of adaptability, which allows
them to be grown in serum free suspension culture to a suitably high density. The CHO
cell line was also found to contain many of the key genes for glycosylation, making it a
good choice for the production of recombinant proteins with stringent glycosylation
profiles. The CHOK1 variant cell line is used in this work and was kindly provided by
Dr Caroline Wardrope and Dr Dirk-Jan Kleinjan.
Figure 7.1 shows the induction of autophagy in the CHO cells using a 4 hour EBSS
treatment. Figure 7.3 shows the Raman spectrum of control and autophagy induced
cells. The spectrum shows no significant difference between two populations, with
all points in the spectra having overlapping standard deviations. The peaks with the
most difference are the 1400-1450 cm-1 and 1002 cm-1 corresponding to lipids and
phenylalanine. However the difference is only approximately a 7% and 5% drop in the
1400-1450 cm-1 and 1002 cm-1 peaks (Figure 7.3 B), well within one standard deviation
for both. This suggests that any changes seen in the spectra due to EBSS treatment
are too small to resolve via direct spectral comparison. To better visualise the small
differences in the spectra the principal component analysis (PCA) of the spectra was
calculated. PCA is a dimensionality reduction technique which takes multidimensional
data and projects it to a single dimension of maximum variance. This allows large data
sets to be represented by much smaller data transformations. Each additional principal
comment is a vector of most variance which runs perpendicular to the previous principal
component, and represents a smaller amount of information about the original sample.
The first and second principal components of the Raman spectra are shown in Figure
7.3 (C), which show separation of the clusters for control and EBSS treated cells but
also show separation within the clusters of some of the biological repeats. From this
we can see that there is no clear dividing line between the conditions or a clear trend
of separation. Other principal components, beyond PC1 and PC2, show no discernible
trend.
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Figure 7.3: Raman spectra of CHO cells after normal feed conditions (control - black line) and 4 hour
EBSS treatment (Autophagy induced - red line). The spectra represents the mean of 403 spectra across
4 biological repeats for the control and 659 spectra across 5 biological repeats for the EBSS treated
cells. All spectra are normalised to the estimation of the auto-fluorescent baseline. (A) shows the Raman
spectra of both conditions, shaded areas indicate one standard deviation. (B) shows the difference spectra
(autophagic spectrum minus control spectrum). (C) shows principal components 1 and 2 of the PCA
transform.

To better separate out the two conditions an alternative method of linear discriminate
analysis (LDA) can be used. LDA is a dimensionality reduction technique much like
PCA. The main difference is that, while PCA looks for the dimension of most variance,
LDA looks for the dimension of most discrimination. This means LDA requires labelled
data, where as PCA does not. LDA is also classed as a machine learning technique due
to its ability to create predictive models. Figure 7.4 (A) shows the linear discriminant
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(LD) of the Raman spectra and (B) shows the LD of the first 10 principal components
of the Raman spectra (equal to approximately 95% of all the variance within the data).
While the LD in (A) shows a better separation, this was achieved using all wavenumbers
in the spectra. This means that the LDA model for (A) was constructed with 15110
parameters (10x interpolated spectra of 1512 data points) where as the LDA model for
(B) was constructed with only 10. This means model A is highly likely to be overfitting
the data. This can be seen in the predictive accuracy for both models with the train and
test data sets. A training data set is used to build a model and a test data set is withheld
and used to validate the model. For model A the training data was categorised with a
100% prediction accuracy, but the test data was categorised with a 92.9% prediction
accuracy. Alternatively, for model B the training data was categorised with a 95.5%
prediction accuracy, but the test data was categorised with a 96.0% prediction accuracy.
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Figure 7.4: Linear discriminant analysis of Raman spectra of CHO cells for normal feed conditions
(control - black) and 4 hour Earls balanced salt solution treatment (Autophagy induced - red). Spectra
were split randomly into a train and test group (67% train and 33% test) and a linear discriminate analysis
model was created on the spectra in the train group. (A) linear discriminant for the Raman spectra and
(B) linear discriminant for the first 10 principal components of the Raman spectra.

While this predictive accuracy on withheld data suggests the LDA of principal
components for the Raman spectra creates a robust model, the distribution of information
in the first 10 principal components is highly skewed. Figure 7.5 shows that the principal
component with the most variance has the second to last amount of weight in the LDA
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model, whereas principal component 8 accounted for only 0.59% variance in the data
but contributed 26.1% to the LDA model. If the model is restricted to only 4 principal
components (90% explained variance) the the accuracy drops to 80.9% and 79.2% for
the train and test data respectively. This indicates there is a difference within the Raman
spectra for control and EBSS treated CHO cells but it is to small to reliably discern with
this current approach.

Figure 7.5: Percentage of the explained variance of the data contained within each principal component
against the linear discriminate analysis weightings for the model. linear discriminate analysis weightings
2, 4, 6 and 9 were originally negative but have been made positive here for illustrative purposes.

7.1.2

SCC Cells

Squamous cell carcinoma (SCC) cells are an epithelial squamous cell line. This type
of cell can be derived from a multitude of host organisms, in this work a murine SCC
cell line was kindly provided by Dr Simon Wilkinson. These cells are more niche in
their applications being mostly limited to modelling of head and neck squamous cell
carcinomas. They are used here as a secondary rodent cell line to assess the differences
in autophagy response across differing cells in the same order of organism.
Figure 7.1 shows the induction of autophagy in the SCC cells using a 4 hour EBSS
treatment. Figure 7.6 shows the Raman spectrum of control and autophagy induced
cells. The Raman spectra for EBSS treated SCC cells show a very similar pattern to that
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of spectra of CHO cells with the 1400-1450 cm-1 and 1002 cm-1 peaks, corresponding
to lipids and phenylalanine, showing the most change. The main difference is the
positive shift of the 1573 cm-1 peak associated with proteins [456], and potentially
possessing contributions from nucleic acids [457, 458]. Much like with CHO cells, the
differences in the spectra do not fall outside of the standard deviation, so PCA is used
to give a clearer picture. The separation of the two conditions on the PCA plot is much
clearer with SCC cells across the principal component 3 and 4 axis. However these
two components only represent 2.7% and 2.0% of the explained variance respectively,
so caution needs to be taken when drawing any conclusions from them. Using LDA
(Figure 7.7) we can achieve a separation accuracy of 95% on unseen data, when using
the first 10 principal comments which correspond to 92.5% explained variance.
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Figure 7.6: Raman spectra of SCC cells after normal feed conditions (control - black line) and 4 hour
Earls balanced salt solution treatment (Autophagy induced - red line). The spectra represents the mean
of 243 spectra across 3 biological repeats for the control and 243 spectra across 3 biological repeats
for the Earls balanced salt solution treated cells. All spectra are normalised to the estimation of the
auto-fluorescent baseline. (A) shows the Raman spectra of both conditions, highlighted areas indicate
one standard deviation. (B) shows the difference spectra (autophagic spectrum minus control spectrum).
(C) shows principal components 1 and 2 of the principal component analysis transform.
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Figure 7.7: Linear discriminant analysis of Raman spectra of SCC cells for normal feed conditions
(control - black) and 4 hour Earls balanced salt solution treatment (Autophagy induced - red). Spectra
were split randomly into a train and test group (67% train and 33% test) and a linear discriminate analysis
model was created on the spectra in the train group. (A) linear discriminant for the Raman spectra and
(B) linear discriminant for the first 10 principal components of the Raman spectra.
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7.1.3

A549 Cells

A549 cells are a human lung carcinoma epithelial cell. The A549 cell line was kindly
provided by Dr Simon Wilkinson. A549 cells have served as models of alveolar Type II
pulmonary epithelium in modelling of lung cancer and in testing delivery methods for
inhalant drugs.
Figure 7.1 shows the induction of autophagy in the A549 cells using a 4 hour EBSS
treatment. Figure 7.8 shows the Raman spectrum of control and autophagy induced
cells. The Raman spectra for EBSS treated A549 cells show a very similar pattern to
that of spectra of CHO and SCC except in near complete reverse. Where in CHO and
SCC cells there was a near universal drop in all points in the spectrum for EBSS treated
cells, in A549 there is a near universal increase in all points of the spectrum for EBSS
treated cells. When the difference spectra for CHO and SCC are compared to A549
there is a -0.869 and -0.830 cross correlation coefficient respectively, whereas CHO and
SCC spectra have a 0.876 cross correlation coefficient. The cause of this difference is
unknown, it could be due to different cell types acting in different ways. The CHO and
SCC cell lines used here both come from rodents while the A549 cells are derived from
a human. There is also a discrepancy in the cellular proliferation rates as CHO and SCC
cells have much faster proliferation rates than A549 cells. This raises the possibility that
the faster growing CHO and SCC cells may undergo an autophagic response faster than
A549 cells and thus the Raman spectra is capturing a different stage of autophagy for
these cells. It is also possible that the differences seen here are due to external factors.
Taking the A549 cell spectra we can achieve a 85.8% accuracy on unseen data using
LDA of the first 10 principal components (Figure 7.9).
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Figure 7.8: Raman spectra of A549 cells after normal feed conditions (control - black line) and 4 hour
Earls balanced salt solution treatment (Autophagy induced - red line). The spectra represents the mean
of 363 spectra across 3 biological repeats for the control and 362 spectra across 3 biological repeats
for the Earls balanced salt solution treated cells. All spectra are normalised to the estimation of the
auto-fluorescent baseline. (A) shows the Raman spectra of both conditions, highlighted areas indicate
one standard deviation. (B) shows the difference spectra (autophagic spectrum minus control spectrum).
(C) shows principal components 2 and 3 of the Principal component analysis (PCA) transform.

182

Figure 7.9: Linear discriminant analysis of Raman spectra of A549 cells for normal feed conditions
(control - black) and 4 hour Earls balanced salt solution treatment (Autophagy induced - red). Spectra
were split randomly into a train and test group (67% train and 33% test) and a linear discriminate model
was created on the spectra in the train group. (A) linear discriminant for the Raman spectra and (B) linear
discriminant for the first 10 principal components of the Raman spectra.
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7.1.4

Comparison of all Cells

All cells were treated and processed in identical conditions so, assuming the autophagy
response is the same across all cells and that the changes in Raman spectrum are mostly
reflective of autophagy related changes in the cells, the changes in the spectra should be
similar. Figure 7.10 shows the three difference spectra of the three cell types.

Figure 7.10: Difference spectra for all cell lines (mean control spectrum minus mean 4 hour Earls
balanced salt solution treated spectrum). Spectra are offset for clarity.

This figure highlights the similarity between the changes seen in CHO and SCC
cells as opposed to A549 cells. One main consideration is the similarity between the
difference spectra and the Raman spectra. This suggests that the main difference is
evenly spread across the whole spectrum for each cell line, instead of being the result
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of a distinct set of peaks. Taking the cross correlation coefficient between the difference
spectra and the mean of the Raman spectra for each cell line we get -0.919, -0.883
and 0.947 for CHO, SCC and A549 cells respectively. The correlation coefficient lies
on a scale between 1 (perfect correlation) and -1 (perfect inverse correlation). The
difference seen in all cells has little deviation from the Raman spectrum, suggesting that
the main difference seen is attributable to the normalisation. Since the normalisation
in this case is based on the estimation of the auto-fluorescence in the sample, this
suggests that the main change in the EBSS treated cells is a decrease in auto-fluorescent
material (increase in the case of A459 cells). This could be explained by the fact that
autophagy in response to amino acid starvation, simulated here with EBSS treatment,
causes a bulk degradation of cytoplasmic cargo. If this cytoplasmic cargo is more
auto-fluorescent than the rest of the cell then its degradation may result in an overall
decrease in auto-fluorescence in the Raman spectrum. However as seen in the PCA of
CHO cells, different samples can yield significantly different spectra. Figure 7.11 shows
the difference spectra for control and EBSS treated CHO cells between two different
sample sets collected on different dates. The cross correlation coefficient of these two
sample sets’ difference spectra is 0.543 showing that there is some similarity, but it is
far from perfect. The green spectra shows the difference between the two sample sets,
highlighting where there is disagreement in the spectra. since this difference spectra is
roughly the same magnitude as the individual spectra for each sample set this suggests
that the inter-sample variability is too great to support any robust conclusions. The
main takeaway is that the drop in both the 1400-1450 cm-1 and 1002 cm-1 peaks are
consistent across both sample sets, but not to the same magnitude, and the overall trend
of the spectra is the same (decrease in almost all wavenumbers for EBSS treated cells).
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Figure 7.11: Difference spectra for CHO cells for different samples (mean control spectrum minus mean
4 hour Earls balanced salt solution treated spectrum). Green line represents difference between CHO
samples 1 and CHO samples 2 which were acquired on separate dates. Spectra are offset for clarity.

From this analysis the main conclusion is that there is a biochemical change during
autophagy but Raman spectroscopy cannot accurately distinguish this change. This
however is predicated on the fact that the cells were only treated in EBSS for 4 hours.
While this is enough time to activate/up-regulate the autophagy response it may not be
enough to see the full effects of the autophagy process. Longer EBSS treatment times
can be used but this comes with the risk of inducing apoptosis in the cells. Figure 7.12
shows CHO cells after a 12h EBSS treatment. From this we can see that the change in
spectral peaks is relatively similar to that seen in only 4h EBSS treatment. The only
aspects of the spectra that appears to rise above the noise are the similar drop in the
1400-1450 cm-1 peak and the opposite increase in the 1002 cm-1 peak. This similarity
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is also seen in the PCA plot where the 12h EBSS spectra overlays the 4h EBSS spectra.
The increase in the 1002 cm-1 peak associated with phenylalanine is interesting as
phenylalanine is an essential amino acid which cannot be synthesised by the cell [459].
This suggests that the increase in the 1002 cm-1 peak could be due to the change in
state of the phenylalanine, from incorporated into proteins to free in the cytoplasm.
The effects of 12h EBSS treatment cannot be attributed to autophagy alone as after
approximately 6h the cells may start to activate apoptosis which will result in its own
set of biochemical changes, this time will be different for different cell types [199]. For
any longer autophagy induction a different induction method is required.
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Figure 7.12: Raman spectra of CHO cells after normal feed conditions (control - black line), 4 hour Earls
balanced salt solution treatment (4h EBSS - red line) and 12 hour Earls balanced salt solution treatment
(12h EBSS - blue line). The spectra represents the mean of 403 spectra across 4 biological repeats for the
control, 659 spectra across 5 biological repeats for the 4 hour Earls balanced salt solution treated cells
and 147 spectra across 3 biological repeats for the 12 hour Earls balanced salt solution treated cells. (A)
shows the Raman spectra of all conditions, highlighted areas indicate one standard deviation. (B) shows
the difference spectra (autophagic spectrum minus control spectrum). (C) shows principal components 1
and 2 of the principal component analysis transform.

7.2

L-Glutamine Deprivation

L-glutamine serves as an auxiliary energy source, especially when cells are rapidly
dividing and can also be used by cells as a source of nitrogen for the synthesis of proteins,
nucleic acids, etc. L-glutamine is often added to cell culture media as needed due to its
tendency to breakdown into ammonia, which is toxic to cells. Since l-glutamine is a non
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essential amino-acid [459] it can be absent from the growth media without being fatal
to the cells. As shown previously in the work of Konorov et al. 2012 [8], 2 and 5 day
treatment with full growth media, including bovine serum, but lacking any l-glutamine
was enough to induce a significant up-regulation of the autophagy response. This study
also showed a significant change in the Raman spectrum of cell treated with these
autophagy inducing conditions. Cells were grown in l-glutamine deficient media for 1,
2 and 5 days. Figure 7.13 shows autophagy activation after l-glutamine deprivation and
Figure 7.2 shows no significant up-regulation of apoptosis (all cells were within 90% of
their control viability).

Figure 7.13: Immunostained cells using an anti-LC3B-II antibody on cells under control and various
starvation conditions. Cells were grown using full feed media to approximately 70% conflucency before
being treated with either 1 day without l-glutamine (SCC cells only), 2 days without l-glutamine (A549
and CHO cells only) or 5 days without l-glutamine (A549 and CHO cells only). All images are enlarged
in Figures A.8-A.11

7.2.1

CHO Cells

Figure 7.14 and 7.15 show the Raman spectra for CHO cells grown in l-glutamine
deficient media for 2 and 5 days compared to control cells grown in full feed media
(with l-glutamine). These spectra show a similar pattern to the EBSS treatment of CHO
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cells in that there is very little difference in the overall spectra (9% maximum difference
in the 2 day treatment and 5% in the 5 day treatment). The main trend of an overall
decrease across the spectrum for autophagic cells is reversed in these conditions. This
might be due to the activation of compensatory mechanisms in the cell in response to
prolonged autophagy. There is a small region with both treatment conditions which
shows a significant difference (beyond 1 standard deviation). This is the 1035-1055
cm-1 region (Figure 7.16). There is an interesting pattern in that all peaks seen here are
lowest in the control spectra but highest after 2 days, then are slightly diminished by 5
days. This is either a combination of factors leading to the increase then decrease of
these peaks or this is an aberration of the sampling process. One of the key peaks here
is the 1040 cm-1 peak which has been associated with formalin effects seen in fixed
cell and tissues [438, 460]. This suggests that there may be variations in the effects of
formalin treatment of the cells, potentially due to slight differences in the fixation time.
For this reason caution should be taken when interpreting this data, as it is very easy to
over-fit data.
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Figure 7.14: Raman spectra of CHO cells after normal feed conditions (control - black line) and 2
days l-glutamine deprivation (autophagy induced - red line). The spectra represents the mean of 234
spectra across 1 biological repeat for the control and 252 spectra across 1 biological repeat for the 2
days l-glutamine deprived cells. All spectra are normalised to the estimation of the auto-fluorescent
baseline. (A) shows the Raman spectra of all conditions, highlighted areas indicate one standard deviation.
(B) shows the difference spectra (autophagic spectrum minus control spectrum). (C) shows principal
components 2 and 3 of the principal component analysis transform.
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Figure 7.15: Raman spectra of CHO cells after normal feed conditions (control - black line) and 5
days l-glutamine deprivation (autophagy induced - blue line). The spectra represents the mean of 234
spectra across 1 biological repeat for the control and 192 spectra across 1 biological repeat for the 5
days l-glutamine deprived cells. All spectra are normalised to the estimation of the auto-fluorescent
baseline. (A) shows the Raman spectra of all conditions, highlighted areas indicate one standard deviation.
(B) shows the difference spectra (autophagic spectrum minus control spectrum). (C) shows principal
components 1 and 2 of the principal component analysis transform.
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Figure 7.16: Raman spectra of the 1020-1060 cm-1 region of CHO cells under l-glutamine deprivation.
(A) shows the zoomed in view of the 1020-1060 cm-1 region. The solid lines indicate mean of all
spectra in the treatment condition and the shaded area indicate 1 standard deviation. All spectra are
normalised to the estimation of the auto-fluorescent baseline. This shows that there is a significant
difference in the spectra across 1035-1055 cm-1 wavenumbers. (B) show the boxplot’s for the 1031 cm-1
peak associated with collagen [436], 1040 cm-1 peak associated with formalin effects [460], the 1044
cm-1 peak associated with phosphate [432] and the 1048 cm-1 peak associated with glycogen [437]. Every
highlighted difference was found to have a p value of p»0.0001 using the Mann–Whitney U statistical
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test.

Figure 7.14 (C) and 7.15 (C) both show the PCA plots for each treatment condition.
For 2 days l-glutamine deprivation the autophagic cells are slightly separated from
the control cells but there is a large overlap. The autophagic cells are also much more
dispersed than the control cells, although this would be expected assuming the autophagy
response is not completely uniform across all cells. For 5 days l-glutamine deprivation
cells the PCA is much clearer with a distinct separation along the second principal
component. This separation in the PCA was unchanged by the removal of the 1020-1060
cm-1 region. Using the first 10 principal components a LDA model can be fitted. Figure
7.17 (A) shows the LDA for a 67% random training subset of spectra and (B) shows
and LDA model trained on data with the 1020-1060 cm-1 region removed, to exclude
any bias from that region. The separation with 5 days treatment spectra is clear and
2 days treatment is close but still distinct. Testing on unknown data the model yields
a 100% accuracy for model A and a 99.1% accuracy for model B in separating all 3
conditions. These results suggest there is definitely a clear difference in the spectra
but the robustness of this difference is still in question and will need more repeat data
before any strong conclusions can be drawn.
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Figure 7.17: Linear discriminant analysis of Raman spectra of CHO cells for normal feed conditions
(control - black), 2 days l-glutamine deprivation (2 days no l-glut - red) and 5 days l-glutamine deprivation
(5 days no l-glut - blue). Spectra were split randomly into a train and test group (67% train and 33%
test) and a linear discriminant analysis model was created on the spectra in the train group. (A) linear
discriminant for the first 10 principal components of the Raman spectra and (B) linear discriminant for
the first 10 principal components of the Raman spectra with the formalin associated 1020-1060 cm-1
region removed. Filled dots indicate training data and hollow dots indicate test data.

195

7.2.2

SCC Cells

Figure 7.18 shows the Raman spectra of SCC cells under control and 1 day l-glutamine
deprivation conditions. SCC cell had their treatment time reduced as 2 days treatment
lead to 80% cell lifting from the adherent cell culture, so only 1 day of treatment was
used. The spectrum for SCC cells shows a large significant difference between the 2
conditions in multiple regions; Figure 7.19 catalogues all the significant changes. Table
7.1 also shows these changes along with their corresponding biochemical associations.
A full breakdown of the significance of each of these changes can be found in Section
9.6. The difference spectra shows a much more significant change with a maximum
change of approximately 30% (for the lipid peak). This clear change makes fitting a
predictive model to the spectra of these cells very easy as the difference is not spread
out across the whole spectra, which would indicate overfitting.
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Figure 7.18: Raman spectra of SCC cells after normal feed conditions (control - black line) and 1 day
l-glutamine deprivation (autophagy induced - red line). The spectra represents the mean of 243 spectra
across 3 biological repeats for the control and 243 spectra across 3 biological repeats for the 1 day lglutamine deprived cells. All spectra are normalised to the estimation of the auto-fluorescent baseline. (A)
shows the Raman spectra of all conditions, highlighted areas indicate one standard deviation. (B) shows
the difference spectra (autophagic spectrum minus control spectrum). (C) shows principal components 1
and 2 of the principal component analysis transform.
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Figure 7.19: Box plots represent the individual value of each spectrum at the specified wavenumber
for either control (0) or 1 day without l-glutamine (1). Green dashed lines indicate mean value. Peak
assignments can be seen in Table 7.1. All significant differences were found to have a p value of p»0.0001
using the Mann–Whitney U statistical test and a p value of p>0.001 when all spectra in each biological
replicate were averaged and using the Student T-Test.
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SCC Cells Raman Spectra Significant Differences
Wavenumber

Assignment

Change

Reference

420 cm−1

Cholesterol

Increase

[461]

490 cm−1

Glycogen

Increase

[462]

544 cm−1

Cholesterol

Increase

[461]

699 cm−1

Cholesterol, cholesterol ester

Increase

[461]

723 cm−1

DNA

Increase

[437]

781 cm−1

Phosphatidylinositol or DNA

Increase

[461] or [435]

876 cm−1

Protein/collagen assignment

Increase

[463, 464]

959 cm−1

Cholesterol

Increase

[456]

1063 cm−1

Lipids

Increase

[456]

1087 cm−1

Lipids

Increase

[432]

1126 cm−1

Lipids

Increase

[432]

1255 cm−1

Amide III (proteins)

Increase

[436]

1301 cm−1

Amide III (proteins)

Increase

[465]

1447 cm−1

Lipids

Increase

[466]

1525 cm−1

Unsaturated lipids

Increase

[436]

1573 cm−1

Proteins

Increase

[456]

1655 cm−1

Amide I (proteins)

Increase

[467]

1738 cm−1

Lipids

Increase

[436]

Table 7.1: Each Peak of significance in the Raman spectra for SCC cells under 1 day without l-glutamine.
All assignments are sourced from the review [428], readers are directed there for more indepth analysis
of biological Raman peak assignments. References indicate the original assignment paper as referenced
by [428]. All changes refer to the l-glutamine deprived cells against the control cells. All significant
differences were found to have a p value of p»0.0001 using the Mann–Whitney U statistical test and a
p value of p>0.001 when all spectra in each biological replicate were averaged and using the Student
T-Test. Assignments are based on association and may not be fully representative of all contributing
biochemicals.
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Each significant change in Figure 7.19 was tested using the Mann–Whitney U
statistical test comparing all control spectra values to all l-glutamine deprivation spectra
values; each wavenumber yielded a p value of p»0.0001. This however is deceiving as
there were hundreds of spectra for each biological replicate, leading to an artificially
high significance in the results. To avoid this all spectra were averaged into one spectrum
per biological repeat. This let 6 samples (3 control and 3 treatment), which were tested
using the Student’s T-test. All wavenumbers tested yielded a p value of p>0.001 showing
that the spectra are significantly different. This method best mimics what would be
seen in practice as each biological sample will represent one measurement, despite how
many spectra are collected from that one sample. Collecting more spectra will lead to a
more accurate reading but will also require more time. This trade off will need to be
optimised by any future users of this method.
Figure 7.20 shows the LDA fit for the first 10 principal components of the SCC
spectra. This LDA model yielded a 100% accuracy on unseen data when trained on 10
principal components (representing 96.1% explained variance) and retained that 100%
accuracy all the way down to 5 principal components (representing 94.4% explained
variance). This data shows that Raman can easily tell the difference between control and
l-glutamine deprived SCC cells. More variations on the cells here such as; older/younger
cells, longer/shorter starvation, different sub-types of the SCC cell line and so on would
need to be carried out to fully verify this model but this preliminary data shows that this
distinction can be accurately made with a high degree of confidence.
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Figure 7.20: Linear discriminant analysis of Raman spectra of SCC cells for normal feed conditions
(control - black) and 1 day l-glutamine deprivation (Autophagy induced - red). Spectra were split
randomly into a train and test group (67% train and 33% test) and the linear discriminate analysis model
was created on the spectra in the train group. (A) linear discriminant for the first 10 principal components
of the Raman spectra and (B) linear discriminant for the first 5 principal components of the Raman
spectra.

7.2.3

A549 Cells

Figures 7.21, 7.22, 7.23 show the Raman spectra for the A549 cells under l-glutamine
deprivation for 2 and 5 days. Initial inspection shows there are very few areas of
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significant difference (non-overlapping standard deviations), for both 2 and 5 days
treatment. Figure 7.24 shows the comparison between the changes seen in 2 and 5
days treatment. Figure 7.25 and Table 7.2 highlight the areas of most difference in
the spectra. The magnitude of change is also much smaller that SCC cells with only
a 5% maximum change in the 2 days without l-glutamine and a 10% change in the 5
days without l-glutamine. Despite this, the PCA of the spectra show a clear distinction
between control and 2 days without l-glutamine and between control and 5 days without
l-glutamine. There is however little difference between 2 days without l-glutamine and 5
days without l-glutamine. This shows there is significant difference between the spectra
of control and of autophagic cells, but this difference is more binary that analogue.
Figure 7.23 highlights this similarity in the 2 and 5 days without l-glutamine as there are
large areas of agreement in the difference spectra. Examination of the higher principal
components up to 10 shows no components with clear separation of the 2 and 5 days
without l-glutamine spectra.
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Figure 7.21: Raman spectra of A549 cells after normal feed conditions (control - black line) and 2
days l-glutamine deprivation (autophagy induced - red line). The spectra represents the mean of 363
spectra across 3 biological repeats for the control and 243 spectra across 3 biological repeats for the
2 days l-glutamine deprived cells. All spectra are normalised to the estimation of the auto-fluorescent
baseline. (A) shows the Raman spectra of all conditions, highlighted areas indicate one standard deviation.
(B) shows the difference spectra (autophagic spectrum minus control spectrum). (C) shows principal
components 1 and 2 of the principal component analysis transform.
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Figure 7.22: Raman spectra of A549 cells after normal feed conditions (control - black line) and 5
days l-glutamine deprivation (autophagy induced - blue line). The spectra represents the mean of 363
spectra across 3 biological repeats for the control and 243 spectra across 3 biological repeats for the
5 days l-glutamine deprived cells. All spectra are normalised to the estimation of the auto-fluorescent
baseline. (A) shows the Raman spectra of all conditions, highlighted areas indicate one standard deviation.
(B) shows the difference spectra (autophagic spectrum minus control spectrum). (C) shows principal
components 1 and 2 of the principal component analysis transform.
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Figure 7.23: Raman spectra of A549 cells after normal feed conditions (control - black line),2 days
l-glutamine deprivation (2 days no l-glut - red line) and 5 days l-glutamine deprivation (5 days no l-glut blue line). The spectra represents the mean of 363 spectra across 3 biological repeats for the control, 243
spectra across 3 biological repeats for the 23 days l-glutamine deprived cells and 243 spectra across 3
biological repeats for the 5 days l-glutamine deprived cells. All spectra are normalised to the estimation
of the auto-fluorescent baseline. (A) shows the Raman spectra of all conditions, highlighted areas indicate
one standard deviation. (B) shows the difference spectra (autophagic spectrum minus control spectrum).
(C) shows principal components 1 and 2 of the principal component analysis transform.
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Figure 7.24: Difference spectra for A549 cells for 2 and 5 days without l-glutamine. Green line represents
difference between 2 and 5 days without l-glutamine spectra. Spectra are offset for clarity.
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Figure 7.25: Box plots represent the individual value of each spectrum at the specified wavenumber for
either control (0), 2 days without l-glutamine (2) or 5 days without l-glutamine (5). Green dashed lines
indicate mean value. Peak assignments can be seen in Table 7.2. All significant differences were found
to have a p value of p»0.0001 using the Mann–Whitney U statistical test when comparing l-glutamine
deprivation to control and a p value of p>0.001 when all spectra in each biological replicate were averaged
and using the Student T-Test.
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A549 Cells Raman Spectra Significant Differences
Wavenumber

Assignment

Change

Reference

502 cm−1

Methoxy group

Decrease

[468]

744 cm−1

DNA

Increase

[458]

781 cm−1

Phosphatidylinositol or DNA

Decrease

[461] or [435]

888 cm−1

Methylene

Decrease

[469]

936 cm−1

Collagen

Increase

[432]

989 cm−1

Protein/lipids

Decrease

[433]

1235 cm−1

Amide III (proteins)

Decrease

[470]

1447 cm−1

Lipids

Ambiguous

[466]

1655 cm−1

Amide I (proteins)

Increase

[467]

Table 7.2: Each Peak of significance in the Raman spectra for A549 cells under 2 and 5 days without
l-glutamine. All assignments are sourced from the review [428], readers are directed there for more
indepth analysis of biological Raman peak assignments. References indicate the original assignment
paper as referenced by [428]. All changes refer to the l-glutamine deprived cells against the control
cells. All significant differences were found to have a p value of p»0.0001 using the Mann–Whitney U
statistical test when comparing l-glutamine deprivation to control and a p value of p>0.001 when all
spectra in each biological replicate were averaged and using the Student T-Test.

Figure 7.26 (A,B) shows the LDA of both 2 and 5 days without l-glutamine. Using
10 principal components the accuracy of prediction of unseen data is 99.5% for 2
days without l-glutamine and 99.0% for 5 days without l-glutamine. (C) shows the
LDA model trained on all three conditions, while there are distinct clusters for 2 and 5
days without l-glutamine there is too much of an overlap to achieve any accuracy in
classification between the two conditions.
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Figure 7.26: Linear discriminant analysis of Raman spectra of A549 cells for normal feed conditions
(control - black), 2 days l-glutamine deprivation (2 days no l-glut - red) and 5 days l-glutamine deprivation
(5 days no l-glut - blue). Spectra were split randomly into a train and test group (67% train and 33%
test) and the linear discriminate analysis model was created on the spectra in the train group. (A) linear
discriminant for the first 10 principal components of the Raman spectra for control and 2 days without
l-glutamine. (B) linear discriminant for the first 10 principal components of the Raman spectra for
control and 5 days without l-glutamine. (C) linear discriminant vector 1 and 2 for the first 10 principal
components of the Raman spectra for control, 2 and 5 days without l-glutamine. Filled dots indicate
training data and hollow dots indicate test data.
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7.2.4

Comparison of All Cells

Figure 7.27 shows the difference spectra for all cells using l-glutamine deprivation
treatments. One of the main features consistent across most spectra is the overall positive
increase in Raman scattering intensity (all except A549 cells treated for 2 days without
l-glutamine). However this positive increase is still very small in relation to the starting
spectra, with 0.66%, 0.13%, -0.32%, 0.38% and 2.12% for CHO 2 and 5 days treated,
A549 2 and 5 days treated and SCC 1 day treated respectively. This positive increase in
overall spectral intensity does not indicate an increase in biological material as different
biochemicals will have different Raman scattering efficiencies for their mass/volume.
This, combined with the small magnitude of increase, means this trend should not be
considered robust enough to draw any reliable conclusions.
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Figure 7.27: Difference spectra for all cells for 1, 2 and 5 days without l-glutamine. Spectra are offset for
clarity.

Analysing individual peaks, the only trend that is consistent across all difference
spectra is an increase in the Amide I band [428]. This band is made up predominately
of Raman scattering associated with protein molecules. One key feature of the Amide
I band is its contributions from the secondary structure of proteins (both α-helix and
β -pleated sheets) [465]. This means that the shape of the Amide I band can be diagnostic
of the state of protein folding and has been previously utilised for protein structural
studies [436, 458, 471]. One key wavenumber is 1675 cm-1 which is associated with
β -pleated sheets [465]. Figure 7.28 (A-E) shows the Amide I band for the Raman
spectra of all cells and all conditions. The spectra are normalised to the tip of the Amide
I band to measure any changes in the shoulder regions. Here we can clearly see a dip in
all of the right hand shoulder regions of all conditions suggesting a drop in the β -pleated
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sheet contents of the cells. This is highlighted in Figure 7.28 (F) which shows the 1675
cm-1 shoulder values. Each l-glutamine deprivation condition produced a significant
drop in the shoulder region of the Amide I band with a p value (as calculated by the
Mann–Whitney U statistical test) of p«0.0001.
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Figure 7.28: Comparison of the amide I peak in all cells between control and l-glutamine deprived spectra.
All spectra are normalised to the tip of the amide I peak. (A-E) 1625-1720 cm-1 region for all cells. (F)
boxplot of the 1675 cm-1 wavenumber for all cells. All significant differences were found to have a p
value of p»0.0001 using the Mann–Whitney U statistical test when comparing l-glutamine deprivation to
control and a p value of p>0.001 when all spectra in each biological replicate were averaged and using
the Student T-Test.
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While detecting differences in each cell line is useful, the ultimate goal is to create
a model that can work on multiple cell lines in the detection of autophagy. Figure 7.29
show the LDA of all cells using control and l-glutamine deprived cells (includes all
treatment times). Using all cells an LDA model could be constructed which yielded a
91.6% (+/-7.1%) accuracy on unseen data (accuracy range indicate 1 standard deviation
calculated on accuracy of different cell types and treatment types). This indicates that
there is enough information to make a generally good model for autophagic cells but it
would need further refinement to be more accurate.

Figure 7.29: Linear discriminant analysis of Raman spectra of all cells for normal feed conditions (control
- black) and l-glutamine deprivation (Autophagy induced - red). Spectra were split randomly into a train
and test group (67% train and 33% test) and the linear discriminate analysis model was created on the
spectra in the train group using the first 10 principal components of the Raman spectra. All l-glutamine
deprivation spectra (1, 2, and 5 days) were combined into one class.

7.2.4.1

718 cm-1 to 784 cm-1 ratio

In Konorov et al. 2012 [8] the main finding was an increase in the 718 cm-1 to 784 cm-1
ratio of the Raman spectra of autophagic cells. This was attributed to an increase in
phospholipid content (718 cm-1 ) compared to the assumed static DNA content (784
cm-1 ) (Figure 2.11). Figure 7.30 (A) shows the 718 cm-1 to 784 cm-1 ratio and (B)
shows the 718 cm-1 peak using baseline normalisation. The results here show a slightly
similar pattern to Konorov’s work, with an increase in the 718 cm-1 to 784 cm-1 ratio for
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CHO and A549 cells deprived of l-glutamine for 2 days but this trend begins to reverse
for cells deprived of l-glutamine for 5 days. The main differences here are the cell type
used and the cell state during Raman acquisition (live adherent cells in Konorov et al.,
formalin fixed, dried cells in this work). This process should not yield a significant
change in the biochemical content of the cells, but without a one to one comparison no
definitive conclusion can be drawn. There are also differences in cell selection during
preparation which is expanded upon in Section 9.4.
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Figure 7.30: (A) Ratio of 718 cm-1 to 784 cm-1 peak for all cells deprived of l-glutamine for 0, 1, 2 and 5
days. (B) 718 cm-1 using baseline normalisation method. All significant differences were found to have a
p value of p»0.0001 (except baseline normalisation between 0 and 5 days without l-glutamine for CHO
cells and except baseline normalisation between 0 and 2 days without l-glutamine for A549 cells), using
the Mann–Whitney U statistical test when comparing l-glutamine deprivation to control.
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7.3

ATG5-/- Cells

These changes show that there is a significant difference between control cells and
l-glutamine deprived cells. However this does not prove that autophagy is the cause of
this change. To assess whether autophagy is the primary cause of this change it needs
to be removed from the equation entirely. To do this ATG5-/- gene knockout cells for
the A549 and SCC cell lines were kindly provided by Dr Simon Wilkinson. ATG5 is a
key autophagy gene which has been shown to completely disrupt the autophagy process
when removed from the cells [472–474], although there is some evidence that cells can
still form autophagosomes without ATG5 [475] (expanded upon in Section 9.5). The
general consensus is that ATG5 is a key autophagy gene and its removal significantly
diminishes the autophagy response in cells. Figure 7.1 shows the LC3 immunostaining
of ATG5+/+ and ATG5-/- cells. The ATG5-/- cells show little to no puncta formation
so we can safely conclude that autophagy is significantly suppressed in these cells.
The suppression of autophagy comes with its own set of problems as autophagy is a
homeostasis and pro survival response, so suppressing it may lead to negative cellular
health. The cellular viability was measured (Figure 7.2) and while there was a marked
drop in viability, there was no drop in viability for the knockout cell lines between the
control and l-glutamine deprivation treatment conditions. This drop in viability needs to
be kept in mind for any interpretation of the results, but since there is the same viability
between control and treatment conditions we can use these cells for comparison in that
regard.

7.3.1

SCC Cells

Figure 7.31 shows the Raman spectra for control and 1 day without l-glutamine cells,
across both wild type ATG5+/+ and knockout ATG5-/- cells (WT and KO). The KO SCC
cells were treated exactly the same as the WT cells and produced similar results. This
suggests that all the changes seen in the spectra are not due to autophagy but instead due
to non-autophagic mechanisms triggered by the l-glutamine deprivation. The difference
spectra between WT control cells and WT l-glutamine deprived cells, and the difference
spectra between WT control cells and KO l-glutamine deprived cells (Figure 7.31 B)
have a correlation coefficient of 0.989. This means they are almost exactly the same.
There are no points across the whole spectra which show a change in the l-glutamine
deprived WT cells and no change in the l-glutamine deprived KO cells. This is also
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reflected in the PCA where the l-glutamine deprived KO cells fall almost exactly on top
of the l-glutamine deprived WT cells.

Figure 7.31: Raman spectra of SCC wild type cells after normal feed conditions (control - black line)
and 1 day l-glutamine deprivation (autophagy induced - red line) along with there ATG5-/- knock out
counterparts (grey and brown). The spectra represents the mean of 243 spectra across 3 biological repeats
for the wild type control, 243 spectra across 3 biological repeats for the wild type 1 day l-glutamine
deprived cells, 209 spectra across 3 biological repeats for the knock out control, 243 spectra across 3
biological repeats for the knock out 1 day l-glutamine deprived cells. All spectra are normalised to the
estimation of the auto-fluorescent baseline. (A) shows the Raman spectra of all conditions, highlighted
areas indicate one standard deviation. (B) shows the difference spectra (autophagic spectrum minus
control spectrum) for wild type and knock out cells, both difference spectra are taken from wild type
control. (C) shows principal components 1 and 2 of the principal component analysis transform.
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There are a few points in the spectra where there is a noticeable difference between
l-glutamine deprived KO and l-glutamine deprived WT cells, although none of these
points are significantly separated. Figure 7.32 shows 4 points in the spectra where there
is a small difference in the l-glutamine deprived cells. This difference is significant to
p«0.0001 (Mann–Whitney U statistical test) for all points and significant to p<0.005 for
averaged biological repeats (Student’s T-test). This indicates that there is a difference
between the WT and KO cells under l-glutamine deprivation. The interesting aspect to
this is that the change from control to l-glutamine deprivation is greater in KO cells,
suggesting that autophagy is playing an inhibitory response in regards to this change.
This leads to the inference that the changes in the Raman spectra might be the result of
a kind of stress response as autophagy can act as an anti-stress response.
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Figure 7.32: Box plots represent the individual value of each spectrum at the specified wavenumber
for either wild type control (0WT ), wild type 1 day without l-glutamine (1WT ), ATG5 knock out control
(0KO ) or ATG5 knock out 1 day without l-glutamine (1KO ). Green dashed lines indicate mean value.
All significant differences were found to have a p value of p»0.0001 (except all comparisons between
0 days without l-glutamine for wild type and knock out and except between 1 day without l-glutamine
for wild type and knock out for 1665 cm-1 ), using the Mann–Whitney U statistical test when comparing
l-glutamine deprivation to control.
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These small differences in the WT and KO cells for l-glutamine deprivation can
be separated out by LDA. Figure 7.33 shows the LDA plot of all SCC cells. For this
work linear discriminate vector 2 is the most important as this is potentially an axis
of separation between WT and KO cells for l-glutamine deprived cells. Therefore it
could be used to create a model to identify autophagy in cells and exclude secondary
effects of nutrient starvation. This model yielded a 96.0% accuracy on unseen data
when distinguishing between the WT and KO cells for l-glutamine deprivation. The
other interesting aspect to this is that the control cells act in exactly the same way for
both WT and KO. This suggests that there is no significant change in the cell before any
experimental procedures were carried out as the removal of ATG5 did not significantly
impact the cells under normal growth conditions. This is at odds with the cell viability
assay (Figure 7.2) which shows a marked drop in cellular viability for the KO cell line,
even under nutrient rich conditions. The viability assay was only carried out on one
biological replicate per condition and cell line due to time constraints. This will need to
be explored further to rule out any errors in protocol, handling or random chance.
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Figure 7.33: Linear discriminant analysis of Raman spectra of wild type SCC cells for normal feed
conditions (control - black) and 1 day l-glutamine deprivation (1 day no l-glut - red) along with there
ATG5-/- knock out counterparts (grey and brown). Spectra were split randomly into a train and test group
(67% train and 33% test) and the linear discriminate analysis model was created on the spectra in the
train group. The plot shows the linear discriminant vectors 1 and 2 for the first 10 principal components
of the Raman spectra. Filled dots indicate training data and hollow dots indicate test data.

Figure 7.34 shows the weightings for linear discriminate vector 2. Weightings
for LDA were calculated by taking the PCA weightings from the first 10 principal
components and summing them together with each one re-weighted by its weighting
in the LDA model. These weights give an indication of the Raman changes which are
unique to the KO cell line.
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Figure 7.34: The weightings for the linear discriminate vector 2 in the linear discriminate analysis model
trained on SCC (wild type and knock out) cells under control and l-glutamine deprived conditions. linear
discriminate analysis model can be seen in Figure 7.33. Weightings for linear discriminate analysis were
calculated by taking the principal component analysis weightings from the first 10 principal components
and summing them together with each one re-weighted by its weighting in the linear discriminate analysis
model.

7.3.2

A549 Cells

Figure 7.35 shows the Raman spectra for control and 2 days without l-glutamine cells,
across both wild type ATG5+/+ and knockout ATG5-/- cells (WT and KO), Figure
7.36 shows 5 days without l-glutamine. The spectra of the A549 cells shows a similar
picture to the SCC cells with the ATG5-/- cells yielding a similar spectrum to their
WT counterparts. This is true for both 2 and 5 days without l-glutamine. However the
similarity is not as great as the SCC cells where the difference spectra of SCC cells
were correlated with a correlation coefficient of 0.989 the correlation coefficient for
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A549 cells difference spectra for WT vs KO cells were 0.491 and 0.713 for 2 and 5
days without l-glutamine respectively.

Figure 7.35: Raman spectra of A549 wild type cells after normal feed conditions (control - black line)
and 2 days l-glutamine deprivation (autophagy induced - red line) along with there ATG5-/- knock out
counterparts (grey and brown). The spectra represents the mean of 363 spectra across 3 biological repeats
for the wild type control, 243 spectra across 3 biological repeats for the wild type 2 day l-glutamine
deprived cells, 363 spectra across 3 biological repeats for the knock out control, 243 spectra across 3
biological repeats for the knock out 2 day l-glutamine deprived cells. All spectra are normalised to the
estimation of the auto-fluorescent baseline. (A) shows the Raman spectra of all conditions, highlighted
areas indicate one standard deviation. (B) shows the difference spectra (autophagic spectrum minus
control spectrum) for wild type and knock out cells, both difference spectra are taken from wild type
control. (C) shows principal components 1 and 2 of the principal component analysis transform.
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Figure 7.36: Raman spectra of A549 wild type cells after normal feed conditions (control - black line)
and 5 days l-glutamine deprivation (autophagy induced - blue line) along with there ATG5-/- knock out
counterparts (grey and cerulean). The spectra represents the mean of 363 spectra across 3 biological
repeats for the wild type control, 243 spectra across 3 biological repeats for the wild type 5 day l-glutamine
deprived cells, 363 spectra across 3 biological repeats for the knock out control, 243 spectra across 3
biological repeats for the knock out 5 day l-glutamine deprived cells. All spectra are normalised to the
estimation of the auto-fluorescent baseline. (A) shows the Raman spectra of all conditions, highlighted
areas indicate one standard deviation. (B) shows the difference spectra (autophagic spectrum minus
control spectrum) for wild type and knock out cells, both difference spectra are taken from wild type
control. (C) shows principal components 1 and 2 of the principal component analysis transform.

Figure 7.37 shows the PCA plot of A549 cells. The PCA was calculated using only
WT cells and KO cells were transformed using the resulting eigenvalues and overlaid
on the plot. This allows separation of the WT spectra without interference from the KO
spectra. In this plot the control WT and KO spectra are clustered together suggesting
no difference in the cells when under full feed conditions. Whereas the 2 and 5 days
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without l-glutamine spectra are also clustered together and distinct from the control
spectra. The main difference from SCC cells is the KO A549 cells without l-glutamine
are both clustering together but separate from their WT counterparts. This means that
the lack of autophagic activity appears to be creating a different response in the cells
which is consistent across both 2 and 5 days without l-glutamine. These separations
and co-localisations can more clearly be seen in the LDA plot (Figure 7.38). The rings
highlight different co-localising clusters, cyan for control cells (WT and KO), green
for WT 2 and 5 days without l-glutamine and magenta for KO 2 and 5 days without
l-glutamine. Due to the way the clusters separate, a decrease in the linear discriminate
vector 1 suggests an increase in autophagy as the WT cells cluster further along this
axis. On the other hand, an increase in linear discriminate vector 2 is correlated with the
changes occurring in autophagy induced, but autophagy incapable, KO cells. There is
also a small separation in the control cells clusters with KO cells sitting slightly further
up linear discriminate vector 1, although they overlap significantly. This suggests that
the decrease in linear discriminate vector 1 for KO cells might be better measured
from control KO cells, so if the control KO cells were better correlated to control
WT cells then the 2 and 5 days without l-glutamine KO cells would sit further down
linear discriminate vector 1. Much like with SCC cells, linear discriminate vector 2 is
potentially an axis of separation between WT and KO cells for l-glutamine deprived
cells. PC3 also can be used as a discriminate of WT and KO cells to a lesser extent. An
LDA model yielded a 99.0% accuracy on unseen data when distinguishing between the
WT and KO cells for l-glutamine deprivation.
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Figure 7.37: Principal component 2 and 3 of the principal component analysis of A549 cells under 2 and
5 days l-glutamine deprivation. The principal component analysis parameters were fitted to the wild type
cell spectra and the knock out cells spectra was then transformed and overlaid using those parameters.
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Figure 7.38: Linear discriminant analysis of Raman spectra of wild type SCC cells for normal feed
conditions (control - black), 2 days l-glutamine deprivation (2 day no l-glut - red) and 5 days l-glutamine
deprivation (5 day no l-glut - blue) along with there ATG5-/- knock out counterparts (grey, brown,
cerulean). Spectra were split randomly into a train and test group (67% train and 33% test) and the
linear discriminate analysis model was created on the spectra in the train group. The plot shows the
linear discriminant vectors 1 and 2 for the first 10 principal components of the Raman spectra. Filled
dots indicate training data and hollow dots indicate test data. The rings highlight different co-localising
clusters, cyan for control cells (wild type and knock out), green for wild type 2 and 5 days without
l-glutamine and magenta for knock out 2 and 5 days without l-glutamine.
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Figure 7.39 shows the weightings for linear discriminate vector 2 and principal
component 3. Weightings for LDA were calculated by taking the PCA weightings from
the first 10 principal components and summing them together with each one re-weighted
by its weighting in the LDA model. The weightings for PC3 are scaled up 10 times
for visual purposes. These weights give in indication of the Raman changes which are
unique to the KO cell line.

Figure 7.39: The weightings for the linear discriminate vector 2 in the linear discriminate analysis model
trained on SCC (wild type and knock out) cells under control and l-glutamine deprived conditions.
The weighting for principal component 3 (scaled 10X times for visual comparison). linear discriminate
analysis model can be seen in Figure 7.38. Weightings for linear discriminate analysis were calculated by
taking the principal component analysis weightings from the first 10 principal components and summing
them together with each one re-weighted by its weighting in the linear discriminate analysis model.
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7.3.3

Amide I Decomposition

The Amide I peak is comprised of contributions from protein associated bond vibrations.
The main four vibrations fitted here are ˜1655 cm-1 (α-helix/turns), ˜1670 cm-1 (β sheet), and ˜1686 cm-1 (nonregular). A further peak between 1620–1640 cm-1 was also
included in the fit. This peak is not well defined and may originate from vibrational
coupling and/or nonregular structure [476–478]. Decomposition of the Amide I peak for
all cell types and conditions can be seen in Figures 7.40, 7.41, and 7.42. The changes in
peak heights are illustrated in Figures 7.43, 7.44, and 7.45. Decomposition is carried
out on l-glutamine deprived cells as no significant changes could be seen in the EBSS
treated cells.
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Figure 7.40: Decomposition of the Amide I peak for CHO cells into its composite four peaks at ˜1655
cm-1 (α-helix/turns), ˜1670 cm-1 (β -sheet), ˜1686 cm-1 (nonregular), and 1620–1640 cm-1 (vibrational
coupling and/or nonregular structure). All spectra are averaged across treatment condition and are
decomposed as a single spectrum. The grey line indicates the original spectrum and the black dashed line
indicates the combined fit, while the green, yellow, blue, and magenta peaks correspond to the component
peaks explained above. All spectra are normalised to the estimation of the auto-fluorescent baseline.
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Figure 7.41: Decomposition of the Amide I peak for SCC cells into its composite four peaks at ˜1655
cm-1 (α-helix/turns), ˜1670 cm-1 (β -sheet), ˜1686 cm-1 (nonregular), and 1620–1640 cm-1 (vibrational
coupling and/or nonregular structure). All spectra are averaged across treatment condition and are
decomposed as a single spectrum. The grey line indicates the original spectrum and the black dashed line
indicates the combined fit, while the green, yellow, blue, and magenta peaks correspond to the component
peaks explained above. All spectra are normalised to the estimation of the auto-fluorescent baseline.
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Figure 7.42: Decomposition of the Amide I peak for A549 cells into its composite four peaks at ˜1655
cm-1 (α-helix/turns), ˜1670 cm-1 (β -sheet), ˜1686 cm-1 (nonregular), and 1620–1640 cm-1 (vibrational
coupling and/or nonregular structure). All spectra are averaged across treatment condition and are
decomposed as a single spectrum. The grey line indicates the original spectrum and the black dashed line
indicates the combined fit, while the green, yellow, blue, and magenta peaks correspond to the component
peaks explained above. All spectra are normalised to the estimation of the auto-fluorescent baseline.
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Figure 7.43: Decomposition of the Amide I peak for CHO cells into its composite four peaks at ˜1655
cm-1 (α-helix/turns), ˜1670 cm-1 (β -sheet), ˜1686 cm-1 (nonregular), and 1620–1640 cm-1 (vibrational
coupling and/or nonregular structure). (A) shows the heights of the contributing peaks. (B) shows the
change in the peaks from the control (no autophagy induction) cells.
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Figure 7.44: Decomposition of the Amide I peak for SCC cells into its composite four peaks at ˜1655
cm-1 (α-helix/turns), ˜1670 cm-1 (β -sheet), ˜1686 cm-1 (nonregular), and 1620–1640 cm-1 (vibrational
coupling and/or nonregular structure). (A) shows the heights of the contributing peaks. (B) shows the
change in the peaks from the control wild type (no autophagy induction) cells.
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Figure 7.45: Decomposition of the Amide I peak for A549 cells into its composite four peaks at ˜1655
cm-1 (α-helix/turns), ˜1670 cm-1 (β -sheet), ˜1686 cm-1 (nonregular), and 1620–1640 cm-1 (vibrational
coupling and/or nonregular structure). (A) shows the heights of the contributing peaks. (B) shows the
change in the peaks from the control wild type (no autophagy induction) cells.
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When comparing all changes in the composite peaks of the amide I peak one
consistent trend stands out; After the cells have undergone an increase in autophagy
(starvation conditions) there is an increase in the 1655 cm-1 peak (α-helix/turns) and
a corresponding decrease in the 1670 cm -1 peak (β -sheet). This trend is not only
consistent across all cells but scales with increasing starvation time. The same trend is
seen in the ATG5 KO cells; to a lesser degree in the A549 cells but to a greater extent
in the SCC cells. Figure 7.46 shows the ratios between the peaks. This suggest that
there is an increase in the amount of β -sheet structures in relationships to the amount
of α-helix/turns. It is unclear what this change in the ratio of β -sheet to α-helix/turns
means in a biological context. This could be down to the stability of the secondary
structures affecting the rate of digestion by autophagy or it could be an indication of
a switch from β -sheet dense proteins to α-helix/turns dense proteins as long lived
proteins are digested and different proteins are synthesised.
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Figure 7.46: Decomposition of the Amide I peak for A549 cells into its composite four peaks at ˜1655
cm-1 (α-helix/turns), ˜1670 cm-1 (β -sheet), ˜1686 cm-1 (nonregular), and 1620–1640 cm-1 (vibrational
coupling and/or nonregular structure). (A) shows the heights of the contributing peaks. (B) shows the
change in the peaks from the control wild type (no autophagy induction) cells.

Analysing the peak shifts between different conditions yielded no consistent results
with a maximum of 2 cm-1 wavenumber shift. It is also not clear how much of the
wavenumber shift seen is due to the underline Raman scattering or due to errors in the
curve fitting algorithm, so no robust conclusions can be drawn from this.

In conclusion there are interesting trends seen in the changes in the Amide I peak.
However, these changes are not enough on their own to assess the autophagic state of
the cells. When the data is given to the machine learning algorithms these changes will
be taken into account so there is no need to single them out in prepossessing. Further
exploration into this change in the Amide I peak could lead to better insights into the
biological aspects of the Raman fingerprint of autophagy.
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7.3.4

Comparison of all Cells

Putting together the SCC and A549 cells is problematic as they are very different cell
types, mouse and human cells respectively. The main goal is to find a change in the
Raman spectrum which is robust, common across different cell types and a direct result
of the autophagy response. Figure 7.47 shows that an LDA model fitted to the first
10 principal components of the spectra. This model is trained on CHO, A549 and
SCC spectra for WT control cells, WT l-glutamine deprived cells and KO l-glutamine
deprived cells (minus CHO KO cells). For this analysis the spectra for CHO and A549
cells with 2 and 5 days l-glutamine deprivation were all classed together as no l-glut.
The model shows three clusters corresponding to the three classes. While the clusters are
clearly distinct there is still a small amount of overlap between them. This model yields
81.4% accuracy on unseen data which is good but there is room for optimisation. One
of the main flaws in the model is the separation of the SCC WT l-glutamine deprived
spectra which appear as a separate cluster off the main WT no l-glut cluster. To create
a better predictive model the spectra need to be assessed for redundant features, the
processes of decomposition (principal component analysis in this case) need to be
assessed for applicability and the machine learning model (linear discriminate analysis
in this case) needs to be optimised.
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Figure 7.47: Linear discriminant analysis of Raman spectra of wild type cells for normal feed conditions
(controlWT - black), wild type cells l-glutamine deprivation (no l-glutWT - red) and knock out cells
l-glutamine deprivation (no l-glutKO - brown). CHO, A549 and SCC wild type control spectra were
combined and all wild type cells l-glutamine deprivation spectra (1, 2 and 5 days without l-glutamine)
were combined, with the same for knock out cells (minus knock out CHO). Spectra were split randomly
into a train and test group (67% train and 33% test) and the linear discriminate analysis model was
created on the spectra in the train group. The plot shows the linear discriminant vectors 1 and 2 for the
first 10 principal components of the Raman spectra. Filled dots indicate training data and hollow dots
indicate test data.

Figure 7.48 shows the Amide I peak as seen previously (Figure 7.28), but with the
ATG5-/- cells spectra plotted as well. From this we can see that the trend of a dip in
the 1675 cm-1 shoulder region is also replicated in the KO cell lines so this is not a
feature solely of autophagy. This also calls into question whether this feature is a result
of the decomposition of β -pleated sheets in proteins or due to some other biochemical
phenomenon.
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Figure 7.48: Comparison of the amide I peak in all cells between control and l-glutamine deprived spectra.
All spectra are normalised to the tip of the amide I peak. (A-C) 1625-1720 cm-1 region for all cells. (D)
boxplot of the differences in the 1675 cm-1 wavenumber associated with β -pleated sheets for all cells.
All significant differences between control and l-glutamine deprivation were found to have a p value of
p»0.0001 using the Mann–Whitney U statistical test.

In conclusion, the Raman spectrum of autophagic cells does show a significant
difference from that of control cells, but this difference is not solely due to the autophagy
response. There may be small changes that are autophagy specific but these changes are
not clearly seen in the Raman spectrum and require more advanced methods of data
analysis such as machine learning to fully elucidate. In the Chapter 8 this concept of
241

machine learning with the Raman spectra will be explored in an attempt to create a
robust model for autophagy detection and monitoring in mammalian cells using Raman
spectroscopy.
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8

Machine Learning With Raman Data

Machine learning (ML) is best described by Tom Mitchell, "A computer program is
said to learn from experience E with respect to some class of tasks T and performance
measure P, if its performance at tasks in T, as measured by P, improves with experience
E" [479]. In this case the task T is predicting the autophagic state of cells from Raman
spectroscopy data. E is the Raman spectroscopy data and P is the accuracy of prediction.
ML has been used for Raman analysis in multiple fields including; medicine [356],
chemistry [480] and industry [481]. We showed in Chapter 7 that a model could be
constructed with Raman data from l-glutamine deprived cells and achieve an accuracy of 91.6% (+/-7.1%) (Figure 7.29) across multiple cells. This means there was a
commonality to the Raman response that could be seen above the noise of variation
between different cell types. This model however dropped to 81.4% accuracy when the
introduction of autophagy knockout cells was taken into account (Figure 7.47). Chapter
8 aims to optimise this model and see if there is a robust trend in the Raman spectra
that is unique to autophagy and suitable for use in a predictive model.

8.1

Data Selection

Before any model can be trained it is critical to assess the data and decide what needs
to be included or excluded. In general the more data included in the model the more
accurate the model will be, but at the same time poor quality data may cloud positive
results. The best option is to reduce the dimensionality of the data (how many points of
variation in a sample) and increase the number of samples. For this work there is Raman
spectra data for the control and autophagy induced states of all three cell lines (CHO,
SCC and A549). Of this data, only SCC and A549 cells have corresponding ATG5-/Raman spectra as CHO ATG5-/- could not be sourced. Figure 8.1 shows the Raman
spectra for all cells under control conditions. There is a large variability between the
cells but this is a good thing as it creates a large pool of variability in the class. This
forces the ML algorithm to ignore any areas of the spectra which have high variability
but do not contribute to the discrimination between different classes.
This data selection results in three classes of Raman spectra; control, autophagy
inducedWT and autophagy inducedKO consisting of 1243, 1173 and 729 spectra respectively. This gives us a large data pool to work with which should help to minimise
overfitting in future ML models. The data is also quite evenly split between all classes
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Figure 8.1: Raman spectra of all cells after normal feed conditions (control non-autophagy inducing
conditions). (A) shows the Raman spectra of all three cell lines, shaded areas indicate one standard
deviation. All spectra are normalised to the estimation of the auto-fluorescent baseline. (B) shows
the difference spectra. (C) shows principal components 1 and 2 of the principal component analysis
transform.

which will help to prevent the model from prioritising the accuracy of one class over
another. There is still a minor imbalance in the data of 1:1.71 ratio, but most research in
class imbalance concentrate on imbalance ratios ranging from 1:4 up to 1:100 [482],
so this imbalance is considered minor. However, to ensure an accurate model is fitted
the classification accuracy’s of all classes are measured independently to ensure no one
class is being ignored by the model.
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8.2

Feature Selection

More data is not always better and some times cleaner data is the best way to improve
a model’s performance. The best data is that with a high sample to dimensions ratio,
which is the number of samples per class over the number of dimensions within the data.
To this end feature selection is the practice of selecting which features (dimensions) of
a data set are most important and how they should be presented to the ML algorithm.
This was already done to a small extent in Figure 7.4 when the spectra was transformed
into a PCA representation before training the LDA model, thus reducing the number of
features from 1512 to 10. This increased the model’s generalisability (effectiveness on
unseen data) by forcing it to learn patterns in the data and not just points in the data. The
theory being that the PCA transform will contain the data which discriminates between
control and autophagic cells Raman spectra and will remove any non-essential data that
may confuse the prediction. Other decomposition methods aside from PCA were tested
but none yielded any significant difference in predictive accuracy so only PCA is used
for decomposition in the work.
For the Raman spectrum each individual reading is its own measurement. This
means that the model is being fed 1492 separate measurements to work with, not all
of which will have any baring on the autophagy response. Feature selection can be
used to determine which wavenumbers in the spectrum are important to the question of
autophagy and which are not. The first approach to this is to use permutation importance,
which is where each reading in the data is randomised one at a time and the effects
on the prediction power of the data is measured. Figure 8.2 shows the permutation
importance of each wavenumber across the spectra, wavenumbers were grouped into
sets of ten channels to represent one wavenumber as the spectra was tenfold interpolated.
For (A) the model used is a LDA model trained on the first 10 principal components
of the Raman spectra. The black line shows the mean spectra for visual purposes and
the green line indicates the accuracy of the prediction. At each point on the green line
the corresponding wavenumber in unseen test data was randomised and the resulting
accuracy of prediction to the trained model is shown. This means that the lower the
accuracy at a given wavenumber the more essential that wavenumber was for the
predictive capability of the model. (B) shows the same plot but with a LDA model
trained directly on the Raman spectra and not on the PCA transform of the spectra. In
this figure we can see that the LDA, when trained directly on the spectra, is much more
sensitive to changes in most of the wavenumbers, as when individually randomised
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a large amount of wavenumbers result in a drop in accuracy to approximately the
minimal accuracy (33.3% accuracy in a 3 class model representing pure random chance).
This is in contrast to the PCA model (A) which is much more insensitive to change,
showing most wavenumbers play little role in the predictive capability of the model.
The interesting part of the PCA model is that there are some wavenumbers which when
randomised show an increase in predictive accuracy above the 81.4% seen with all
wavenumbers intact. This suggests that the presence of these wavenumbers is hindering
the model. This is due to the PCA transform on the data as the PCA transforms the data
based on finding the single dimension of most variance in a multidimensional data set.
The disadvantage of this is any dimension with a large amount of variance will pull the
PCA into incorporating a larger contribution of this dimension into the final transform,
regardless of whether that variance is due to the phenomenon in question (autophagy)
or not. This means that removing these wavenumbers will increase the accuracy of
the model by allowing the PCA to focus on the dimensions of data with more useful
information in them.
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Figure 8.2: Accuracy of the linear discriminate analysis model on unseen test data (green line) with
the corresponding wavenumber randomised for all samples. The data consists of 3145 spectrums split
between wild type fed (non autophagic induced control), wild type starved (autophagy induced), and
ATG5 knockout starved (autophagy induced autophagy deficient) consisting of 1243, 1173 and 729
spectrums respectively. The linear discriminate analysis model is predicting the sample type between
these three conditions. The lower the accuracy value for the green line the more important the data at the
corresponding wavenumber is for predicting autophagy. (A) shows a linear discriminate analysis model
trained on the first 10 principal components. (B) shows a linear discriminate analysis model trained
directly on the spectra without dimensionality reduction via principal component analysis.
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To see how removing non-essential information would effect the model, each
wavenumber was iteratively stripped based on the rankings of their performance (Figure
8.3). Upon removing 55 wavenumbers the non-PCA LDA model collapsed to approximately 40% accuracy. This shows how important most wavenumbers are to the model
when trained this way. With the PCA model 170 wavenumbers can be removed before
the model collapses. The validation data set followed the test data set extremely well so
we can be confident these numbers are not due to noise in the sample.

Figure 8.3: Accuracy of the linear discriminate analysis and principal component analysis linear discriminate analysis models on test data and unseen validation data vs number of wavenumbers kept in the
data set. Wavenumbers were removed by taking the worst preforming wavenumber and stripping it from
the test data set and validation data set. The model was not retrained between removing wavenumbers.
The models were trained on a training data set, the permutation importance of the wavenumbers was
calculated on a test data set and the validation data set was left untouched and used to calculate accuracy
alongside the test data set to avoid overfitting. The data consists of 3145 spectrums split between wild
type fed (non autophagic induced control), wild type starved (autophagy induced), and ATG5 knockout
starved (autophagy induced autophagy deficient) consisting of 1243, 1173 and 729 spectrums respectively.
The linear discriminate analysis model is predicting the sample type between these three conditions.

To access the capability of the models to use less wavenumbers in their construction
while maintaining accuracy, the wavenumbers were iteratively removed from the data
set. This was done using the permutation importance ranking of the wavenumbers
where the worst preforming wavenumbers were removed first. Every 25 wavenumbers
removed, the models were re-fitted to the data and a new set of permutation importance
248

rankings were calculated. This was done until all wavenumbers were removed. To ensure
the models were not overfitted, 33% of the data set was withheld as validation data.
All models were trained on 67% of the remaining non validation data and permutation
importance was calculated on the 33% remaining non validation data. Figure 8.4 and
8.5 show this process for the non PCA and PCA models respectively.
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Figure 8.4: Number of wavenumbers kept in the spectrum vs accuracy of an linear discriminate analysis
model trained directly on the spectrum. Training accuracy calculated on a 33% test data split. Optimising
the model was done via permutation importance using a 33% test data split (Figure 8.2 B). The model
was retrained between each wavenumber removal. To ensure no bias in the results, 33% validation data
was kept out of any optimisation and only used to verify the model was not overfitting the data. The
data consists of 3145 spectrums split between wild type fed (non autophagic induced control), wild
type starved (autophagy induced), and ATG5 knockout starved (autophagy induced autophagy deficient)
consisting of 1243, 1173 and 729 spectrums respectively. The linear discriminate analysis model is
predicting the sample type between these three conditions. (A) shows the accuracy for the amount
of wavenumbers removed. (B) shows the spectrum and the remaining wavenumbers after 1275 were
removed, represented by the vertical dashed line in (A).
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Figure 8.5: Number of wavenumbers kept in the spectrum vs accuracy of an principal component analysis
linear discriminate analysis model trained on the first 10 principal components of the spectrum. Training
accuracy calculated on a 33% test data split. Optimising the model was done via permutation importance
using a 33% test data split (Figure 8.2 B). The model was retrained between each wavenumber removal.
To ensure no bias in the results, 33% validation data was kept out of any optimisation and only used to
verify the model was not overfitting the data. The data consists of 3145 spectrums split between wild
type fed (non autophagic induced control), wild type starved (autophagy induced), and ATG5 knockout
starved (autophagy induced autophagy deficient) consisting of 1243, 1173 and 729 spectrums respectively.
The linear discriminate analysis model is predicting the sample type between these three conditions. (A)
shows the accuracy for the amount of wavenumbers removed. (B) shows the spectrum and the remaining
wavenumbers after 1050 were removed, represented by the vertical dashed line in (A).
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For the non-PCA LDA model (Figure 8.4), as is expected with a model trained on
an excess of parameters, most wavenumbers contribute no useful information to the
classification at hand. The accuracy of the model stays high until 1275 wavenumbers
have been removed (217 wavenumbers left), 96.4% accuracy. This is an 85.5% reduction
in parameters used in the model which means the number of parameters is much lower
than the number of samples per class. While this is not as good as the 99.3% reduction
in parameters from taking the first 10 principal components, it is within the bounds of
acceptability for ensuring a robust model.
For the PCA LDA model (Figure 8.5) decreasing the number of parameters has the
effect of increasing accuracy to a point before it falls off. As mentioned previously, this
is due to the PCA transform focusing more on the wavenumbers which are shown to
be important to detecting autophagy. Since there are less wavenumbers to transform
each principal component the amount of data that needs to be compressed into a single
component is less, so more of the information is kept. Since components are used based
on overall number (10 in this case) and not explained variance, having more information
in those first 10 components will yield a better predictive accuracy. One problem in
this method is the discrepancy between the testing and validation data. The accuracy
in the validation data is markedly lower than the test data with around a 3% drop in
accuracy, compared to a 1% difference in the LDA model. The good aspect is that the
validation data follows the same trend as the test data, meaning that the increase in
accuracy in the test data is reliable and only the overall accuracy number is not reliable.
The overall accuracy for the model increases from 84.8% to 87.6% (82.0% to 83.8%
for the validation data) showing this method can increase model accuracy.
Comparing the selected wavenumbers in both models shows an interesting pattern.
For the low wavenumbers, less than 1002 cm-1 , in the LDA model most of the retained
wavenumbers are at the tips of the peaks whereas in the PCA LDA model this trend
is reversed. The two models look more similar in the high wavenumbers with both
models using the 1002 cm-1 and 1420-1470 cm-1 peaks. Both models also took a very
distributed approach with wavenumber selections across most of the spectrum.
Comparing the two approaches we can see that training the model directly on the
Raman spectrum will yield a much higher accuracy but at the cost of a much more
complex model. If a comparable model using the first 217 principal components is fitted,
it yields an accuracy of 98.2% compared to the 96.4% of the similar model without
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PCA. Because of this PCA was chosen to pre-process the spectrum and help reduce any
overfitting in the model.

8.3

Model Selection

Linear discriminate analysis is a good baseline model because of its simplicity. LDA
uses all dimensions of a data set and weights each one based on its ability to discriminate
between the label classes. For data sets with more than one class the model uses a one
vs all approach where it merges all classes except one and fits a discriminant vector to
that data. This process is then repeated for all data classes and all discriminant vectors
are returned in the final model. However, LDA is only one of a vast array of ML models
with many different approaches to data discrimination. Here we assess some of the
alternative models for their efficacy on our data set.
Figure 8.6 shows the accuracy of 18 different ML models at separating the Raman
spectra of the cells. This shows the LDA is far from the best model for classifying the
Raman spectra data with 78.5% (+/- 10.3%) cross validated accuracy and an artificial
neural network (ANN) ranking as number one with 95.0% (+/- 3.4%) cross validated
accuracy. This increase in accuracy comes with the caveat that the model is much more
complex. One key difference between ANN and LDA models is that ANN can fit a
non-linear model to the data. It is assumed that the data follows a non-linear pattern
in the fact that quadratic discriminant analysis (QDA) gives a better performance than
LDA.
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Figure 8.6: Accuracy at predicting the class of Raman spectra. The data consists of 3145 spectrums
split between wild type fed (non autophagic induced control), wild type starved (autophagy induced),
and ATG5 knockout starved (autophagy induced autophagy deficient) consisting of 1243, 1173 and 729
spectrums respectively. The models are predicting the sample type between these three conditions. All
models are trained on the first 10 principal components of the spectra. Accuracy was taken as the mean
of a 10 fold cross validation with error bars indicating one standard deviation. lgr: logistic regression,
rcc: ridge classifier with built-in cross-validation, per: perceptron, pac: passive aggressive classifier,
ann: multi-layer perceptron classifier (artificial neural network), lda: linear discriminate analysis, qda:
quadratic discriminant analysis, bc: bagging classifier, rfs: random forests, abc: AdaBoost classifier, etc:
extra-trees classifier, gbc: gradient boosting classifier, gpc: gaussian process classifier, sgd: stochastic
gradient descent classifier, lsvm: linear support vector machine, nsvm: nu-support vector machine, knnu:
K-nearest neighbour (uniform), knnd: K-nearest neighbour (distance).

The implementation of the ANN here is the multi-layer perceptron (MLP) which is
a very simple implementation. The MLP consists of n+2 layers where n is the number
of hidden layers and the extra 2 layers represent the input and output layers. The input
layer consists of an equal number of neurons to dimensions in the supplied data set
and the output layer is equivalent to the number of classes in the data set. Each neuron
in a layer is connected to every neuron in the previous and proceeding layers, this is
known as a dense layer. Each neuron in the hidden layer transforms the values from the
previous layer with a weighted linear summation, followed by a non-linear activation
function. Both the hidden layer size and activation function need to be tuned by hand
when creating the model; Figure 8.7 shows the accuracy on this data set for a hidden
layer of different sizes and different activation functions. A hidden layer size of 10
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was chosen as there is no benefit in adding any more neurons to the hidden layer. Tests
were conducted with increasing hidden layer count but additional layers yielded no
improvement in the results, so the model was limited to one hidden layer for simplicity.
All activation functions performed similarly on this data set with no clear standout, so a
logistic activation was chosen which scales data to a sigmoid curve. There is a large gap
between the maximum predictive capability of all activation functions and no activation
function. This is because the activation functions act as a non-linear transform in the
ANN so without an activation function the model is forced to learn a linear pattern. The
conclusion of this is that all of the accuracy from 89% onward is only modellable in a
non-linear way.

Figure 8.7: Accuracy of the principal component analyses artificial neural network model on predicting
Raman spectra data using different sizes of the hidden layer and different regularisation function. Accuracy
is the mean of a 10 fold cross validation and shaded areas indicate one standard deviation of the results.
The data consists of 3145 spectrums split between wild type fed (non autophagic induced control), wild
type starved (autophagy induced), and ATG5 knockout starved (autophagy induced autophagy deficient)
consisting of 1243, 1173 and 729 spectrums respectively. The artificial neural network model is predicting
the sample type between these three conditions.

Since the ANN uses fully connected layers the number of parameters in the model
is very high, with the model here using a 10 neuron hidden layer being trained on a
10 principal component data set, there are 110 parameters in the network. To ensure
no parameters are overfitting the data a regularisation function can be used. This is a
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typically very small value which penalises neurons with high magnitude weightings.
This can be expressed in the equation:

CostFunction = Loss + α ∗ Σkwk2

(7)

where the cost function is the result that the network is aiming to minimise to fit
the data, loss is the difference between the network’s prediction and the correct output
(cross-entropy is used in MLP classifier), α represents the regularisation constant and
w is the absolute values of the weight vector for the hidden layer. So as the sum of
the absolute values of the weights increases (more complex model) the cost of the
model also increases, which forces the model to look for simpler solutions to fit the
data. Alpha acts as a scaling function for this additional cost so higher values of alpha
force lower values of w (simpler models). Figure 8.8 shows the changing accuracy for
different alpha values. Using this, the alpha for the ANN was set to 0.1 to minimise
model complexity as much as possible without sacrificing accuracy.
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Figure 8.8: Accuracy of the ANN model for increasing values of the regularisation value alpha. Black
line indicates the mean of a 10 fold cross validation and the shaded areas indicate the standard deviation.
The data consists of 3145 spectrums split between wild type fed (non autophagic induced control), wild
type starved (autophagy induced), and ATG5 knockout starved (autophagy induced autophagy deficient)
consisting of 1243, 1173 and 729 spectrums respectively. The artificial neural network model is predicting
the sample type between these three conditions.

During this process of optimisation a validation data set was withheld, the ANN
trained here resulted in a 95.6% accuracy on the training data and a 92.2% accuracy on
the test data. This accuracy can be improved further by using more principal components
from the PCA transform to encapsulate more explained variance in the data set. Figure
8.9 shows the accuracy of the model with varying numbers of principal components
used to train the ANN model, the green line represents the test data set. From this we
can see that 20 principal components yielded the best accuracy before there are no
more gains by adding more components. The training data here (black line) reached
98.0% accuracy with the test data (green line) reaching 96.8% accuracy and an unseen
validation data set reaching 96.1% accuracy.
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Figure 8.9: Number of principal components used to train the ANN and the resulting accuracy. Black
line indicates the mean of a 10 fold cross validation and the shaded areas indicate the standard deviation.
Green line indicates the accuracy on a withheld test data set. The data consists of 3145 spectrums split
between wild type fed (non autophagic induced control), wild type starved (autophagy induced), and
ATG5 knockout starved (autophagy induced autophagy deficient) consisting of 1243, 1173 and 729
spectrums respectively. The artificial neural network model is predicting the sample type between these
three conditions.

One major problem with this model is the inaccuracy in subsets of data. For example,
the SCC l-glutamine derived WT and KO cells scored 88.1% and 82.2% on accuracy
respectively on unseen validation data. This is because they contain the most pronounced
changes in their Raman spectra so do not follow the patterns of the other cells well.
Because of this, and the fact that the classes in the model contain many other cell
spectra, the model can reach a high accuracy by focusing more on the other cell lines
and pushing more of its inaccuracy into the SCC cells. This can become more of a
problem as the data set grows as each percent inaccuracy will represent a larger and
larger portion of the data. Methods to counter this can be to increase the prevalence of
the troublesome data to a higher proportion of the sample, either by collecting more
data or duplicating samples in the data set. Alternatively, the model could be forced
to focus more on these cells by adding a weighting to them so inaccuracies in their
predictions will be penalised more harshly than the other cells. Without any of these
methods the cells would have to be grouped in smaller sets and different models trained
on each instead of one large general purpose autophagy model.
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ANN would be able to facilitate this by simply adding in an input into the model
which is a manually set parameter for the type of cells the data is representing. To
do this the cell types were converted into a numerical format that the ANN could
understand. This was done using a binarizing method which converts the label into
a binary representation which can be understood by the ANN. The reason the labels
are binarized and not simply converted into a numerical value is because binarization
makes no assumptions about the labels. If the cells CHO, SCC and A549 were encoded
as 1, 2 and 3 this makes the assumption that A549 cells are somehow closer to SCC
cells than to CHO cells even though each cell line occupies a distinct space with no
quantifiable relationship to the others. A binarized representation of CHO, SCC and
A549 cells would look like [1,0,0], [0,1,0] and [0,0,1] so there is no intrinsic order in
this data as all dimensions of the arrays are treated independently by the ANN. The
new encoded labels are then concatenated to the end of the 20 principal components to
make a 23 dimension array for each sample. By doing this the accuracy of the whole
array goes from 97.8% to 98.2%, but the accuracy of the SCC l-glutamine derived WT
and KO cells goes from 88.1% and 82.2% to 92.9% and 92.5% respectively. These
cells represented the worst predictive accuracy with all other cells preforming much
better. This can be scaled up to include any amount of cells as the binarized data only
represents effectively one dimension of data despite being three dimensions in the ANN
(binarized array size is equal to the number of classes being encoded). Figure 8.10
shows the final architecture of the ANN use and Figure 8.11 shows the permutation
importance of the final ANN model. Feature selection via minimising the included
wavenumbers provided no benefit to the already high accuracy of the model so was not
utilised here.

259

Figure 8.10: A visual representation of the architecture of the ANN. The network consists of an input layer
of 20 neurons for the first 20 principal components and 3 neurons for the cell labels. A hidden layer of 10
neurons and an output layer of three neurons, corresponding to the predictions for control, l-glutamine
deprived WT and l-glutamine deprived KO cells. Figure created using (https://alexlenail.me/NN-SVG/).
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Figure 8.11: Accuracy of the artificial neural network model on unseen test data (green line) with
the corresponding wavenumber randomised for all samples. The data consists of 3145 spectrums split
between wild type fed (non autophagic induced control), wild type starved (autophagy induced), and
ATG5 knockout starved (autophagy induced autophagy deficient) consisting of 1243, 1173 and 729
spectrums respectively. The artificial neural network model is predicting the sample type between these
three conditions.
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This ANN model produces high accuracy with minimal overfitting and the potential
to be expanded further. As with the cell type, additional labels can be added such as;
whether the spectra was taken from cells or a tissue sample, how the sample was stored
(e.g. paraffin embedded or snap frozen) or information about the patient from which
it was harvested and so on. For industrial applications, additional labels may be what
product the cells are producing or the stage of the bio-production cycle. All of this
would require much more data and potentially a larger hidden layer size to cope with
learning all the new parameters, but this work shows that Raman spectroscopy is capable
of creating an accurate and reliable model for assessing autophagy in mammalian cells.
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9

Discussion

The work presented here represents a proof of concept for the use of Raman spectroscopy
in the detection of autophagy. There is still much work to be done before this can be
implemented as a standardised method and there are many caveats to consider before
moving forward.

9.1

Comparison to Current Methods

The ultimate goal of this work was to develop a method of using Raman spectroscopy
to detect autophagy and to have this method offer key improvements over conventional
methods currently employed in the field. Given the results seen here it can be ruled
out that this method is more specific than current methods, especially since the ML
model was trained on the data collected from cells validated using current methods so
this model can only be as accurate or less then these validation methods. The main
improvements in this method are the speed, ease of use and cost. A conventional LC3
western blot would take anywhere from 4 to 24 hours to complete and can be very labour
intensive. LC3 immunostaining will take approximately 6 hours to complete, this is not
including the preparation time of growing the cells on a microscope adapted surface. For
this Raman spectroscopy protocol cells can be prepared for Raman acquisition within
90 minutes and the Raman acquisition will take in the order of 30 minutes depending
on how many spectra are to be collected. There are also no expensive reagents such as
antibodies for this method. All that is needed is the Raman spectrometer, a gold mirror
(inexpensive and reusable), formalin and PBS. Because of the improvements in speed,
labour and cost this method would best be applied to industrial and medical setting.
There would still need to be further work done to ensure the accuracy is suitable for the
more stringent fields of medicine and industry but this preliminary work shows promise
in creating a quick, easy and cheap method for autophagy detection in mammalian cells.

9.2

Overfitting

Overfitting is a concept in ML which describes the tendency of a model with too many
parameters to create an overly complex model to fit to the data as depicted in Figure
9.1. This overfitted model will then fail to predict new, unseen data. Overfitting is very
common when working with biological data as it can often be noisy and inconsistent,
and failing to account for this can lead to overfitting the model used.
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Figure 9.1: Examples of underfitting (blue), a robust fit (green) and overfitting (red) in machine learning
using 2 dimensional data.

For a simple data set with only two dimensions it is easy to visually identify
overfitting. The difficulty arises when the data is much more complicated, such as the
Raman spectra in this work, which all have 1512 dimensions of data. There are several
methods to combat overfitting; limit the complexity of the model, collect more data or
reducing the complexity of the data.

9.2.1

Model Complexity

The complexity of a model may be considered to be the number of parameters that
vary in order to best fit the data. These parameters are the model’s degrees of freedom
(DOF). In extreme cases if the number of DOF in the model is higher than the number
of samples in the data set, the model may be able to "learn" the data set. This means
that the model has memorised every sample in the data set and can give 100% accurate
discrimination without understanding what, if anything, is different about the classes of
data. There is no universally agreed upon ratio of data to DOF as each type of data will
have differing internal properties (distribution, variability, reliability, etc.). This means
the best amount of DOF is as few as possible.
If it is not possible to reduce the amount of DOF then a regularisation function can
be used to constrain their contributions [483]. This is the process of applying a penalty
to aspects of a model which learn large values to fit the data, so a harsher regularisation
function will force the model to fit a simpler pattern to the data. Equation 7 and Figure
8.8 show this in action for the ANN model trained in this work.
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9.2.2

More Data Collection

Generally, the more data points in a sample the more robust the model will be as the
effect of any noise within a single measurement is diluted amongst all the samples. As a
general rule there needs to be more samples than DOF within the model. The more data
the model is trained on, the more it is forced to learn generalisation and not instances of
data.
9.2.3

Reducing Data Complexity

This is the concept of feature selection where data that is not important to the task at
hand can be removed (explored more indepth in Section 8.2). By shrinking the amount
of dimensions in the data there is less chance the ML model will find spurious patterns
in the data.
9.2.4

Withhold data

The best method to prevent overfitting is simply to keep a test data set. This is a small
section of the data which is representative of the whole data set. When any ML model
is fitted to a training data set it can be tested by using it to predict the classes in the test
data set. Any large deviation in this prediction accuracy compared to that of the training
data set is a clear indication of overfitting. This test data must be kept isolated, if any
tuning of the hyperparameters of the model is done to reduce overfitting then a second
test data set (validating data set) needs to be sectioned off and not used until the model
is ready to be validated.

9.3

Cell Labelling in ANN Model

In the final ANN model proposed in Chapter 8, the cell types were supplied to the
model along with the principal components. The theory is that the ANN can use this
information to better understand the patterns it is seeing in the principal components.
However, this means the ANN is not learning a generalised pattern of autophagy but
instead a pattern of autophagy in specific cells. While this could be seen to successfully
shrink the effective size of the data set to 1/3rd , all of the information still needs to be
learned within the 10 neurons of the hidden layer. The addition of a cell type input
allows the network to weight the results of these 10 hidden neurons for the output. This
means that these 10 neurons need to encapsulate all the information about autophagy
265

for all cell lines, but can allow the modelling of information that may be important to
specific cell lines.

9.4

Selection Biases on Cells

Since collection of an individual Raman spectrum for every cell in the whole experiment
is not feasible, there needs to be selection of what cells are included. In an ideal system
this would be completely random to ensure that there is no bias in the data. For the
Raman collection method here the sampling volume of the microscope lens allowed
the collection of Raman scattering from multiple cells in one acquisition which creates
an averaging effect for neighbouring cells. The cells are removed from their adherent
growth surface and suspended before being deposited so any neighbouring cell will
be random and not correlated to a single lineage of cells from the point of seeding.
This wont be the case for measurement of adherent cells as, to a certain extent, all
neighbouring cells will be split from one original cell so should have relatively similar
biochemical properties.
One of the major biases in this experimental setup is towards well adhered cells.
This is because before harvesting the cells are washed in PBS to remove debris. This
wash step can remove cells which have lifted off or are partially lifted meaning that
only cells that are fully adhered to the bottom of the growth container will end up being
taken forward. This creates a bias for ’healthy’ cells as stressed or dead/dying cells
will begin to loose adhesion and may get swept away during this wash step. This can
be an advantage as it reduces the impact of apoptosis in the sample as any apoptotic
cells will have an increased chance of being removed, although there is no concrete
measurement for this. This is also one of the major differences in cell selection between
this and Konorov et al. 2012 [8] work, as they used live adherent cells measured directly
on the growth medium (Raman substrate), so any partially lifted cells would remain in
their sample during Raman acquisition. Further work could be done to established any
differences in the profiles of these lifting cells.
During the Raman acquisition the areas of the dried cell pellet that was chosen
were based on a map grid, with the step size being much larger than the acquisition
area to avoid crossover. The area to scan was chosen based on surface topology. Care
was taken to ensure the area was as flat as possible to avoid any large discrepancies in
cell loading as certain areas of the pellet cracked during drying leaving large craters
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(relative to the cells) in the sample. Any scans over these craters would result it very
few cells being present in the focal spot of the lens and thus a very low signal yield. It
is not believed that these cracked areas held any biochemical significance in the sample.
Beyond surface topology the area of scanning was chosen at random.

9.5

ATG5 Independent Autophagy

Most papers agree that knocking out the ATG5 gene completely suppresses autophagy
in mammalian cells and this method has been used in multiple published papers as
a non-autophagy control. However, there is evidence of a non-canonical autophagy
pathway which does not use the ATG5 gene [484]. This non-canonical autophagy is
characterised by the presence of autophagosomes which lack LC3-II but are instead
decorated with Rab9. This suggests that this non-canonical autophagy is compensating
for autophagy in ATG5 deficient cells, however this is not the full picture. Deletion in
the ATG5 gene in mice leads to neonatal lethality [485], so ATG5 is playing a critical
role and starvation induced autophagy is largely dependent on conventional autophagy
[486], although not entirely. Starvation induced long-lived protein turnover has been
seen in ATG5 deficient mouse embryonic fibroblasts, but to a lesser extent than in
wild type cells [484]. One of the key aspects of this non-canonical autophagy is the
presentation of LC3-II negative autophagic compartments. This is a problem as many
research papers cite a lack of LC3-II positive puncta or western blot as proof of the
absence of autophagy. If autophagy is compensating via alternative pathways then many
results seen in the literature may be called into question.
For this work this raises the question of what biochemical changes are happening
in the cells as a response to nutrient starvation. To gain a full picture of what is
happening a non LC3 based method such as long-lived protein turnover would need to be
conducted to see what is happening in EBSS treated and l-glutamine deprived cells. This
could suggest that the ATG5 KO cells used in this work are exhibiting non-canonical
autophagy as a compensatory method of protein degradation. This may explain the
maintained viability of these cells when put under long nutrient deprivation protocols
(Figure 7.2). If this is true, then the models examined here are able to discriminate
between control cells, autophagic cells and non-canonical autophagic cells. This also
runs into the question of what is autophagy, is non-canonical autophagy separate or
another facet of the whole process of autophagy.
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9.6

Biochemical Changes in Autophagic Cells

Assigning biochemical changes to the cells based on their Raman spectra is not a
straightforward task. Peaks in Raman spectra arise from chemical bonds and not specific
molecules, so some peaks are representative of a multitude of biomolecules, while others
are much more specific. However, this does not apply to developing a ML model for
the data as the model does not need to know what each peak represents to be able
to learn from it. Because of this, biochemical assignments done here are more for
confirmation and are done to ensure there are no aberrations in the data, which would
suggest something unexpected is happening. For assessing the biochemical changes
of autophagy as an investigatory study there are better methods to use, such as mass
spectrometry. The benefit of Raman spectroscopy being exploited here is its ease of use
and wide range of data collected.
For the cells under EBSS treatment the spectra did not yield any significant changes
which could be mapped to any biomolecules, so only the l-glutamine deprivation
conditions are explored here. For CHO cells, the only change observed was in the
1020-1060 cm-1 region which was discussed in Figure 7.16 and Section 7.2.1.

9.6.1

SCC Cells

For SCC cells, Table 7.1 shows the significant changes in the Raman spectrum and their
corresponding biochemical assignments. All changes in the spectrum were increases
in the l-glutamine deprivation condition. Since there is no significant decreases in
any Raman peaks, these changes might be exacerbated by the normalisation method.
This should be kept in mind before drawing any definitive conclusions from these
changes. Increases in the 420 cm-1 , 544cm-1 , 699cm-1 and 959cm-1 peaks suggest
an increase in intracellular cholesterol. Autophagy plays a role in the production of
hormones in organisms via the mobilisation of cholesterol (a steroid precursor) from
intracellular stores [487]. While this mobilisation would be unlikely to produce a
significant change in the Raman spectrum the prolonged autophagy response may act to
deplete cholesterol stores leading to a feedback loop triggering the cell to synthesise
more cholesterol. Increases in the 723 cm-1 and 781 cm-1 peaks suggest an increase
in DNA content, autophagy is involved in modulating DNA repair pathways. This
may trigger new amino acid synthesis for the repair process assuming this would
happen in the absence of significant DNA damage [488]. The 781 cm-1 peak could
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also be associated with the lipid phosphatidylinositol, phosphatidylinositol-3-phosphate
(PI3P) which is an important phospholipid in autophagy. Most PI3P is associated
with endosomal membranes and with the autophagosome preassembly machinery,
presumably at the endoplasmic reticulum. The enzyme responsible for most PI3P
synthesis, VPS34, and proteins such as Beclin1 and ATG14L that regulate PI3P levels,
are positive modulators of autophagy initiation [489]. Increases in the 1063 cm-1 , 1087
cm-1 , 1126 cm-1 , 1255 cm-1 , 1301 cm-1 , 1447 cm-1 and 1738 cm-1 peaks indicate an
increase in lipids. Autophagy is a key player in lipid metabolism and functions to break
down lipids from lipid droplet organelles in the cells in response to nutrient deprivation,
also known as lipophagy. This mobilisation should not lead to an increase in intracellular
lipids, so it is unknown why there is a clear increase in lipids in the Raman spectrum.
In non adipose cells lipophagy is used to prevent excessive lipid buildup which can
cause lipotoxicity, so it would stand to reason that autophagy would be linked with a
reduction in intracellular lipid concentrations [490]. This brings up the counter point
that differences in the spectrum may be exacerbated by biases in the normalisation. For
unbiased normalisation an internal standard of known quantity would need to be used.
One explanation related to autophagy is the construction of lipid membranes for the
autophagic machinery, but it is unclear how much new membrane is synthesised de novo
and how much is repurposed from the endoplasmic reticulum and mitochondria [491].
Increases in the 876 cm-1 , 1525 cm-1 , 1573 cm-1 and 1655 cm-1 peaks indicate and
increase in proteins. Autophagy acts to break down proteins to recycle their component
amino acids. While this would not lead to an increase in the overall protein content it
would lead to a change in the dynamics of the protein associated Raman peaks, as can
be seen in Figures 7.28 and 7.48. The drop in 1675 cm-1 is consistent for all starved
cells and also for ATG5-/- cells, assuming they are digesting proteins via non-canonical
autophagy.

9.6.2

A549 Cells

The A549 cells show a more complex pattern in their Raman spectrum with areas of
increasing and areas of decreasing Raman intensity from control to l-glutamine deprived
conditions. Decreases in the 502 cm-1 and 888 cm-1 peaks indicate a decrease in the
methylene (CH2 ) and methoxy (OCH2 ) groups. However these chemical groups are
very simple molecules and can be present in multiple other types of biomolecules, so
any specific conclusions drawn from this are not reliable. Increases in the 744 cm-1 peak
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indicate an increase in DNA content however the 781 cm-1 peak indicates a decrease in
DNA. This lends weight to the assignment of 781 cm-1 to phosphatidylinositol but at the
same time phosphatidylinositol was increased in SCC cells but is decreased here. One
explanation is that DNA associated peaks are based on Raman scattering from nucleic
acid which encompasses DNA and RNA. This means that the changes in these peaks
may be due to changes in RNA content in the cells. RNA is digested by autophagy so an
increase in RNA would have to be due to compensatory mechanisms [492], suggesting
that this change is more due to alternative mechanisms responding to the up-regulation
of autophagy. DNA should remain static as autophagy leads to growth arrest in the
cells [493]. One explanation for increasing DNA concentration is an autophagy induced
reduction in cell size [493], as the size of the Raman microscope sampling volume
remains the same but the amount of cells, and thus the amount of DNA, in that sampling
volume would increase. Proteins and lipids show conflicting results in this spectrum
with increases and decreases.
With autophagy there are massive biological changes in the cells but these changes
are highly circular in nature with all biomolecules remaining in the cells and just being
converted from one state to another or being mobilised to different areas of the cells.
To utilise Raman spectroscopy’s full potential for analysis of autophagy, more focus
would need to be placed on these changes such as with the decreasing β -pleated sheets
in the 1675 cm-1 . The other approach is to utilise the spatial dimension and use Raman
spectroscopy to assess the changes in the distribution of biomolecules in the cells.

9.7

Spatial Resolution

Different measurement techniques allow a user to measure a sample in different dimensions. A stopwatch allows measurements in the temporal dimension, a thermometer
allows measurements in the thermal dimension and Raman Spectroscopy allows measurements in the chemical dimension. As there is no one technique that can measure
every conceivable dimension of a sample, compromises need to be made depending on
what is being assessed.
For autophagy there is a chemical change during the process of recycling the
biomolecules within the cell which can bee seen to a certain extent via Raman spectroscopy. However, one of the other common techniques for detecting autophagy is an
LC3 immunostain which utilises the cellular distribution of LC3 molecules. This means
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it measures in the spatial dimension to assess autophagy. Since Raman spectroscopy
takes a measurement from a focal spot by moving the sample and taking multiple
measurements, the distribution of Raman scattering in a sample can be measured, and
thus the distribution of chemicals in a sample can be measured. This is known as Raman
mapping, or Raman imaging, and it is a well-established technique [494]. Using this, as
long as the spatial resolution is sufficient, you could theoretically track the autophagic
compartments as cytoplasmic cargo is sequestered and trafficked to the lysosome. However, the one major hurdle in this approach is the weakness of Raman scattering, as each
pixel in a collected Raman map would need to have sufficient acquisition time to ensure
any spectrum has a sufficient SNR. In this work each spectrum took approximately
12 minutes to acquire, this can be scaled back to only 3 minutes for a fixed spectral
window, but for a theoretical 50x50 pixel image would still take 125 hours to collect
one map, requiring samples to be fixed. While this may work for research purposes, this
will severely hamper any ML applications as collecting enough data will be unfeasible.
An alternative approach to utilising spatial resolution is to use alternative excitation
modes such as coherent anti-Stokes Raman scattering (CARS) or stimulated Raman
scattering (SRS). These techniques use a different principle to regular Raman scattering;
in Raman scattering the sample is irradiated using a single frequency laser and a
specturm of spontaneous emissions captured, CARS uses two lasers at two different
frequencies to stimulate a resonant Raman emission. These frequencies are a higher
frequency “pump” frequency and lower “Stokes” frequency. This resonant Raman
emission is orders of magnitude stronger than spontaneous Raman emission [495].
However, CARS microscopy needs to be tuned to image a specific bond vibration so
only one vibration can be probed at a time. This increase in signal strength means each
measurement (pixel) in a CARS image can be acquired in a fraction of a second, making
acquisition of large array images feasible, even on live cells.
Raman vibrations that could be used for CARS to detect autophagy could be
based on proteins to track protein digestion or lipids to visualise the autophagic membranes/lysosomal compartments. One specific suggestion would be to use a bond
vibration specific to phospholipids such as 718 cm-1 to track the creation and trafficking
of the autophagic vesicle. This would rely on the system being used to have a high
enough spatial resolution to distinguish these vesicles which may be difficult as they
are only 2 plasma membranes thick, so it might be better to track their content rather
than the vesicle itself.
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This is all theoretical and divergent from the purpose of this work which is to create
an easy to use tool for detecting autophagy. CARS systems are much more expensive to
purchase and much harder to use than a standard Raman microscope. Additionally, the
images produced would be much harder to interpret, even when using ML. One scenario
where CARS may provide an advantage is in tissue analysis where the distribution
of autophagy related Raman bond vibrations might need to be assessed across a nonhomogeneous sample. This is outside of the scope of this work and will be left to future
researchers in the field.

9.8

Sample Preparation

With the samples in this work multiple spectra were taken from single biological
samples. These samples were seeded from a parent culture and grown individually
in adherent cell culture flasks, before being treated to induce autophagy/or not and
prepared for Raman collection. Because of this, many spectra in the data sets will be
representative of a single sample. Averaging all spectra from repeat samples makes
training a ML algorithm impossible as there is not enough data, but as a confirmatory
measure it can show statistical differences between biological samples.
There are two methods in which data could be presented to the models trained here.
First would be to take a sample and collect multiple Raman spectra, the amount of
which is dependent on the time available. The spectra would then be averaged to a single
spectra and presented to the ML algorithm to receive a prediction on the autophagic
state of the sample. Alternatively, the spectra could all be presented to the algorithm
individually, this would return estimations for each which could be used to gain a
confidence estimate of the ML prediction about the sample. Although ANN can output
a confidence score for any prediction this is not necessarily correlated perfectly with the
reality of the biology of the sample and can be highly skewed if any activation functions
are used.

9.9

Genetic Modifications

The use of drugs in the system can lead to aberrations in the spectrum if the drugs
are above the limit of detection of the Raman system used. For this reason genetic
alterations are best for Raman work on cells. One major concern with any genetic
modification is its effect on the cells during routine handling. For example, autophagy
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is active at a basal level in most cells, so an autophagy knock out cell line will begin to
accumulate damage from this lack of self-cleaning mechanism during any growth and
maintenance outside of experimental work. In extreme cases older cell lines can build
up multiple mutations which could impact results of any experiments, although this is a
concern with any cancerous cell line. The best counter for this is a drug inducible rescue
cell line where a drug can be introduced to the media to transiently express the deleted
gene, thus keeping the cells healthy during growth and maintenance. Removal of this
drug before experiments will allow the cells to revert to their knock out genotype ready
for experiments to be conducted. This is especially important for mutations that target
critical autophagy functions such as the lysosomal fusion step. Gene expression should
also be matched to endogenous expression as best as possible to avoid over expression
effects. Table 9.1 suggest genes which can be knocked out to achieve different functional
states of autophagy.

Gene knockouts to remove core autophagy functions
Autophagy Function

Gene Knockout

Reference

Canonical Autophagy

ATG5
ATG7

[496]

Non-Canonical Autophagy

Rab9

[496]

Autophagosome Lysosome Fusion

Cue5/TOLLIP
LAMP2

[497]
[250]

Table 9.1: Gene which when knocked out will result in the disruption of the stated autophagy process
without significant impact on the other autophagic functions.

9.10

Standardising Autophagy

Autophagy is not an on/off binary process in the cells and can be difficult to standardise.
The closest way to gain a quantification of autophagy activity is to use a protein turnover
assay. This will show the efficiency of the autophagy process from start to end within
a fixed time window. This is only a measure of protein related autophagy and does
not account directly for other substrates such as mitochondria. Autophagy flux can be
calculated by measuring the quantity of LC3-II both with and without lysosome fusion
inhibitors to assess LC3-II generation and turnover. This will only work on canonical
autophagy but LC3 can be substituted for Rab9 for non-canonical autophagy [13]. An
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alternative approach is to use the percentage of cytoplasmic volume which is occupied
by autophagic vesicles [484]. This allows a snapshot of autophagic activity but care
needs to be taken to ensure lysosome fusion is not impaired which would bias this result.

The main difficulty in quantifying autophagy in cells using Raman spectroscopy
is that the spectrum will contain both the biochemical changes due to autophagy
activation (direct changes in the cells due to autophagy machinery being created) and
the biochemical changes of autophagy flux (indirect changes to the cellular environment
due to autophagic degradation of cellular compounds). This means that a cell undergoing
relatively weak autophagy will have a different profile soon after autophagic activation
and a relatively long time after autophagic activation, as the autophagic changes in
the cell will be more pronounced in the second condition. To fully assess autophagy,
multiple conditions will need to be set up to represent a range of autophagy induction
strengths and measurements will need to be taken from these conditions at multiple
time points. By doing this a two way ML approach can be used to try and disentangle
the two separate axes of change in the cells. There will also need to be measurements of
cells under flux blocked autophagy to account for this as well.

9.11

Basal Autophagy

Autophagy is rarely ever completely absent in a cell and where this happens it is often
due to a dysfunction in the autophagy process and can lead to a significant deterioration
in the health of the cell. This basal autophagy is not consistent across all cells, with
many cells having much more active autophagy under basal conditions. For this reason
training a ML model based on the treatment conditions of the cells and not a quantified
measure of autophagy creates problems.
In WT SCC cells we can see that even when grown with full feed media in an
excess of nutrients there is still a significant presence of autophagy, as measured by LC3
puncta in Figure 7.1. While SCC cells showed significant up-regulation of the autophagy
response under both starvation conditions (EBSS and l-glutamine deprivation), their
levels of basal autophagy are comparable to that of autophagy induced A549 cells. This
should not be a problem for the ANN as the cell type is supplied as an input to the
network, meaning that the ANN can compensate for this increase in basal autophagy
and therefore distinguish between basal and autophagic activation for multiple cell
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types despite their different autophagic rates. However, without standardisation of the
autophagic activity rates within Raman spectroscopy data set the ANN will only be
effectively learning the difference between full feed media and starvation media for
different cells and not the underlying activation of the autophagy response.

9.12

Future Work

The next steps in this work would be to better standardise autophagy within each
experimental condition across all cell types. This will allow better comparisons between
cells and hopefully isolate variations due to different cell types and variation due to
different autophagy states.
Collecting data on more cell types will help to build a better model, but it is unclear
how this data should be treated. Aggregating all the cell lines spectra will produce
a more generalised model but separating out the different cells’ spectra will produce
a more accurate model. There is also a middle ground in the grouping of cell lines
based on different features such as growth rate, cell type or host organism. The current
approach of feeding the network a label for the cell type used works here for three
different cell types, but without more data it remains to be seen how well this would
scale up. An additional concern is that an extra label added to the ANN such as cell age
or patient information will exponentially increase the needed data supplied to the model
as every condition within a label set needs to be paired with every other condition in
every other label set (unless there is an external reason the labels do not fit together).
Due to this, careful curating of what labels are to be included in a final model needs to
be done beforehand to ensure all needs will be met and all data can be collected in a
systematic fashion.
To ensure the applicability of this method it will need to be repeated on multiple
grades of Raman spectrometer. This will allow a better understanding of what grade of
instrumentation is required and more importantly if there are any unseen effects of the
Renishaw InVia Raman microscope that may have biased the data collection. The ideal
scenario is to use the best spectrometer available to collect training data and build the
ML model. Then use lower grade spectrometers to collect validation data and see if the
model can adapt to the lower quality data, or if any forms of correction are needed to
bring data into line with the model. There are other proposed methods to calibrate ML
models to new conditions or instrumentation such as just-in-time learning [498].
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Showing autophagy can be discerned in CHO cells is a good step forward for
an industrial application of this technique as CHO cells are the most widely used
mammalian cell line for bio-production of complex recombinant proteins. The next
steps for adapting this method would be to demonstrate a working method using extracts
from suspension CHO cells in a bioreactor environment. The method here is already
suited for working with cells in suspension culture, so only collection of data and
training of a model are required.
For medical applications the method will need to be validated on tissue samples
which have known autophagy profiles. This would be done via taking thin sections of the
tissue and collecting a Raman spectrum profile of the tissue before using conventional
staining (LC3-II immunostaining) to generate an autophagy profile to match up with
the Raman spectrum profile. This also adds the challenge of tissue heterogeneity so any
Raman collection will either need to be targeted to regions of interest or a mapping
approach can be done to get a population of spectra representing the tissue sample.
For sample preparation, tissues are often fixed in paraffin wax which has a very strong
Raman scattering profile, so the samples need to be de-waxed before analysis. This is
a difficult process which can leave some paraffin wax still in the sample which would
result in the paraffin being present in the resulting spectrum. There are two approaches
to combat this either; ensure the de-waxing protocol is very robust, or deliberately leave
some paraffin in the samples. By generating a range of samples with a range of paraffin
content the ML algorithm can be trained to ignore this variation as it should appear in
both classes (control and autophagic tissue). So long as the paraffin content is not so
strong that it masks important Raman spectral features and that enough data is collected
to allow the ML algorithm to isolate autophagic features and paraffin features, this
should make the model more tolerant of poor sample pre-processing.
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10

Summary and Conclusion

The overall aim of this thesis was to assess the applicability of Raman spectroscopy to
the detection and monitoring of the autophagy response in mammalian cells. Within
this there were four goals:
• Create and optimise a protocol for the collection of Raman spectra that is robust
and easy for non-specialist Raman users.
• Optimise a processing algorithm to yield high quality spectra with minimal biases
to ensure generalisability and applicability to machine learning.
• Assess the biochemical changes seen in the Raman spectrum of autophagic cells.
• Create a machine learning model to accurately predict the autophagic state of the
cells using their Raman spectrum.
These goals were addressed in Chapters 5, 6, 7 and 8 respectively.
The optimisation of a Raman spectral collection protocol in Chapter 5 does not
encompass any new scientific discoveries but does outline areas of key importance when
creating a protocol for Raman spectral aquisition. This method was designed firstly to
yield high quality spectra which would allow the accurate detection of the autophagy
response and secondly be quick and easy to implement for non-experienced users. I
feel the use of a robust gold mirror substrate and simple direct cell application protocol
achieves just that.
The processing of Raman spectra in Chapter 6 is a key step in any analysis as raw
unprocessed spectra contain far too much variation to yield any coherent results. This
work tested different processing methods with the ultimate goal of producing a spectrum
that was free from unnecessary bias. This was achieved by normalisation, CRS removal,
smoothing and wavenumber alignment. The use of baseline correction presented a
challenge in the fact that there is no "correct" amount of baseline to remove. To this
end different baseline algorithms were tested based on their ability to separate different
conditions within different Raman spectra data sets. Overall there was no significant
difference between most algorithms, thus ALS was chosen simply for producing the
smoothest baseline with the least assumptions made. I feel this processing regimen is
simple and robust without being overly computationally demanding.
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The spectra of the autophagic cells in Chapter 7 showed that starvation with 4h
EBSS treatment is not sufficient to yield any significant changes in the Raman spectrum
of the cells in a robust manner, however 1, 2 and 5 days without l-glutamine did induce
significant changes. This suggests that whilst the detection of the autophagic machinery
is not possible, it is feasible to detect autophagic changes within the cells. The changes
appear to be very cell line specific with only a few differences seen across all three cell
types (a drop in the 1675 cm-1 shoulder region associated with the protein secondary
structure β -pleated sheets). These changes are also seen in ATG5(-/-) cells showing
that the changes are not specific to autophagy, or are not specific to ATG5 dependant
canonical autophagy (discussed in Section 9.5). I feel this information helps to better
understand the bio-chemical changes in autophagic cells and the relationship of these
changes to the autophagy response.
The ML model developed in Chapter 8 shows that it is possible to discern between
non-autophagic (or baseline autophagic) cells and autophagic cells, of both canonical
and (suspected) non-canonical autophagy with a high degree of accuracy. This model is
only a proof of concept and still needs refinement before it can be considered generally
applicable.
This work is a stepping stone to the implementation of Raman spectroscopy in the
detection and monitoring of autophagy. The results shown here substantiate the possibility of using Raman spectroscopy to detect autophagy and inform future directions for
research to further develop this concept.
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A

Induction of Autophagy

Autophagy is an ever present process in eukaryotic cells. However, under the right conditions the autophagy response can dramatically increase it throughput by ramping up
the creation of autophagic compartments. It is this increase in autophagic compartments
that most autophagy detection protocols target. This is often done via the targeting of
the LC3 molecule, a small protein which acts as a membrane anchor between autophagy
targeted cargo and the autophagic compartment membrane. This section will cover the
conformation work done to measure the autophagic response in all cell lines used in
this work.

A.1

LC3 Fluorescent Imaging

In non-autophagy induced cells the LC3 molecule is present in diffuse pools withing the
cells cytoplasm and nucleus. For LC3 tagged fluorescent images this non-autophagic
state presents itself as a uniform fluorescent signal across the cells cytoplasm and
nucleus (these two pools can show differing concentrations of LC3). When autophagy is
increased to a significant degree the fluorescent signal begins to form small puncta within
the cytoplasm showing the LC3 being aggregated into the autophagic compartments as
they are formed. Figure 7.1 shows the LC3 immunostaining images for all cells under
control (full feed media), 4 hours EBSS treatment, 4 hours EBSS treatment +50µM CQ,
1 or 2 days l-glutamine deprivation (CHO and A549 cells were 2 days, SCC cells were
1 day), and 5 days l-glutamine deprivation. Figures A.1-A.11 show enlarged images of
each condition.

A.2

Propidium Iodide Staining

Propidium iodide (PI) staining is a method of assessing the viability of cell via exclusion
of PI from the cells. If the cell is non-viable then it will begin to lose membrane integrity
and this loss in integrity allows the PI to enter the cell. When this happens the PI can
bind to the DNA which increases the fluorescent output of the PI molecule significantly.
Taking the ratio between these to fluorescent outputs gives us a measure of cell viability
[499].
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Figure A.1: Enlarged image from figure 7.1
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Figure A.2: Enlarged image from figure 7.1
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Figure A.3: Enlarged image from figure 7.1
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Figure A.4: Enlarged image from figure 7.1
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Figure A.5: Enlarged image from figure 7.1
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Figure A.6: Enlarged image from figure 7.1
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Figure A.7: Enlarged image from figure 7.1
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Figure A.8: Enlarged image from figure 7.1
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Figure A.9: Enlarged image from figure 7.1
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Figure A.10: Enlarged image from figure 7.1
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Figure A.11: Enlarged image from figure 7.1
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B
B.1

Raman Experimental Setup
Instrumentation

In this study the InViva Raman system (Renishaw, UK) coupled to an upright Leica DM
LM microscope (Leica Microsystems, Germany) was used to collect Raman spectra of
all samples. Figure B.1 shows a photo of the internal elements of the Raman microscope,
along with a schematic diagram of the laser path and working components of the system.
Samples were irradiated with a 400mW, 785nm diode laser (Toptica, Germany). Sample
positioning was achieved via a precision motorised XYZ stage (Prior Scientific, UK).
The power of the laser measured at the sample was 60mW.
Raman scattered light from each sample was separated into its constituent wavelengths via diffraction through a holographic diffraction grating. This diffracted light
was projected onto a Peltier-cooled RenCam CCD. This CCD was 578 x 385 pixels
and measured the intensity of the incoming light at each wavelength. The measured
intensity was then processed by the instrument provided software, WiER 2.0 (Renishaw,
UK), to yield Raman spectra.
The laser wavelength of 785nm is used as it is much less susceptible to autofluorescence and most auto-fluorescent compounds in cells have a shorter wavelength
excitation window [500]. lower wavelength lasers can be used for Raman spectroscopy
and have much better Raman excitation potential. The efficiency of the Raman effect
is inversely proportional to the wavelength raised to the 4th power. Meaning that for
every 16% the laser wavelength is reduced the number of photons inelastically scattered
doubles, and a 50% reduction in wavelength causes a 16-fold increase in the signal
strength. However shorter wavelength incident laser light results in more sample damage
potential and a smaller spectral resolution [501].
B.1.1

Diffraction Grating

The Raman system uses a holographic diffraction grating (Component DG in Figure B.1)
to separate the Raman scattered light. The grating has interspersed repeating grooves
on the surface, which act to disperse light, so long as the grating distance is close to
the wavelength of the incident light. The distance between these groves determines the
dispersion angle of the light, where a shorter distance results in more dispersed light.
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Figure B.1: The Renishaw InVia Raman microscope used in this work (top left); View of the components
inside the Raman instrument (top right); and schematic diagram illustrating key components and optical
paths through the instrument (bottom).

The practical result of this is that a grating with shorter groove spacing will have a
higher resolution of different wavelengths at the expense of having a shorter spectral
detection range, due to the more dispersed light not being captured on the detector.
For the system used in this work three different gratings were available, 300, 600,
1200 lines/mm. Each grating diffracts light in a different way with the higher lines/mm
resulting in an narrower dispersion of light, and therefore a smaller range of wavelengths
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reaching the detector. Figure B.2 shows the different spectral ranges for each grating.
Each grating diffracts light onto the same CCD so the resulting spectra has the same
number of points, which results in the higher lines/mm gratings having higher spectral
resolution; 3.2 cm-1 , 1.6 cm-1 and 0.8 cm-1 for the 300 lines/mm, 600 lines/mm and
1200 lines/mm respectively. This higher resolution allows much more accurate analysis
of the spectra, however there is an upper limit for this where the resolution is much
higher than the minimum width of the peaks in the Raman spectra. Any resolution over
this threshold will have minimal benefits. This is also combined with the fact that the
signal strength drops dramatically when the lines/mm of the grating is increased as
the same amount of Raman scattered light is being diffracted over a larger area and
a smaller proportion of that is reaching the detector. This means if you double the
resolution you effectively half the signal strength. This can be compensated for by using
longer acquisition times and more accumulations, but at the cost of overall increased
experimental times. This increase in experimental time is also compounded by using a
higher line/mm grating as multiple scans are needed to achieve the same spectral range
as with a lower lines/mm grating. This means that a change from 300 line/mm to 1200
lines/mm can result in a approximately 16 times increase in acquisition time to achieve
the same SNR for the same spectral range.
To achieve these spectral ranges beyond the range of a single diffraction window for
the selected grating the Raman system can use special tricks during collection. These
are the step scan and the SynchroScan. The step scan takes a set of descried scans
across the desired range and stitches the resulting spectra together at the overlapping
edges. The SynchroScan slowly rotates the grating during the scan to allow the system
to sweep across the whole of the desired range. This sweeping scan allows for much
better consistency over the spectra whereas the step scan can create aberrations at the
stitched overlaps (Figure B.3). For this work the SynchroScan method was chosen to
avoid any artefacts in the spectra.
Despite its higher SNR, the 300 line/mm grating’s resolution was too low to accurately resolve more of the finer details in the spectra. The 1200 lines/mm grating
offers great resolution but comes with the drawback that at higher wavenumbers there
is pronounced etaloning. This etaloning is caused by reflections in the cover glass of
the CDD which results in a oscillating pattern in the spectra (Figure B.4). However
the effects of etaloning are uniform across all spectra and therefore should not be
considered noise. The main advantage of the higher 1200 lines/mm grating is that
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Figure B.2: Raman spectrum of CHO cells captured using 300, 600 and 1200 lines/mm gratings with a
1200 cm-1 centred spectral window.

Figure B.3: Raman spectrum of CHO cells. 970-1250 cm-1 shows the overlap between two separate
spectres which have been overlaid by the software. Due to there being a slight change in the intensity
between the measurements the resulting spectra do not match exactly, leading to a fringing pattern where
the software tries to work out what the correct value is.

subsequent processing steps, normalisation and baseline correction, benefit from the
higher resolution. Normalisation is preformed by locating the maximum value of a
specified peak within the spectrum, but unless the scattered light from the very centre
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of the peak aligns with a pixel on the detector the peak will be truncated (Figure 6.4).
Therefore, lower resolutions can lead to less accurate peak shapes and subsequently
poor correction during normalisation. There are methods to alleviate this which are
discussed in depth in section 6.3. Baseline correction is not affected as much by this but
still will benefit from higher resolution spectra.
With all this in mind, the 1200 line/mm grating was chosen for this work and
acquisition times were ensured to be sufficient to compensate for the lower signal. This
is because the purpose of this work is to prove the applicability of Raman spectroscopy
to detecting autophagy, so increasing resolution will give the best chance of the spectrum
containing enough information to better discern autophagic cells. This grating may be
swapped out in future optimisation to minimise collection times.
B.1.2

Spectral Range

The spectral range is a trade-off between time and information. It was decided that
a spectral range of 380-1800 cm-1 was the best option as this encompasses all of the
biological fingerprint region. This does leave out the high wavenumbers at 2800-3600
cm-1 which can have important spectral information about a sample, but this would
involve extending the spectra to over twice the size for only a small gain. CHO cells
were investigated using a 2900 cm-1 centred Raman scan (2710-3080 cm-1 total range).
Figure B.4 shows the resulting spectra and multivariate analysis. It was found that there
is minimal predictive power in this region so it can be ignored in this work. There may
be scope for exploration of these high wavenumbers using more sensitive techniques
such as coherent anti-stokes Raman (CARS) or stimulated Raman scattering (SRS).
This is discussed in section 9.7.
B.1.3

Lens

The lenses themselves will not have an appreciable impact on the spectra as their
spectral contribution is minimal and mostly the same across different lenses (figure
B.5). The main difference in the lenses is the sampling volume where higher numerical
aperture (NA) lenses will focus the light onto a smaller spot on the sample. Also certain
lenses will have different working conditions such as through a cover slip, immersed in
a fluid, through microscope oil or in free air. These conditions may limit the selection
of lens to what is available for the experimental setup.
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Figure B.4: Raman spectra of CHO cells after normal feed conditions (control - black line) and 4 hour
EBSS treatment (EBSS 4h - red line). (A) shows the Raman spectra of both conditions, shaded areas
indicate one standard deviation. (B) shows principal components 1 and 2 of the PCA transform.

For this work it was decided that cells would be treated as contributions to a
population and not analysed individually. To this end a larger sampling volume was
chosen to encompass multiple cells. This has the effect of averaging a small sample of
cells and removing any cell to cell variation. This method allows for individual Raman
spectres to better represent the whole of the sample. Each biological replicate is a single
sample from which multiple Raman spectra are collected (using a map grid across the
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Figure B.5: Raman spectra of the Microscope lenses without samples present. All scattering is a combination of instrument optical elements and of the lens specified.

sample). These spectra are representations of the whole, which itself is a representation
of a real sample. A 20X (0.4 NA) lens (Leica Microsystems, Germany) was chosen for
these reasons.
The sampling volume of the lens can be calculated theoretically using the equations
Lr =

λ
2NA

(8)

Ar =

λ
2NA2

(9)

Where Ar is the axial resolution, Lr is the lateral resolution, λ is the wavelength of
the light and NA is the numerical aperture of the lens. For the 20X lens the theoretical
resolution is 628 nm laterally by 1226 nm axially, which yields a sampling volume of
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0.253 µM3 . However the actual sampling volume is often may times larger than the
theoretical sampling volume. Figure B.6 shows the focal spot of the laser on a dried
cell sample as on the microscope. This spot has a lateral resolution of 20 µm with a
theoretical axial resolution of 40 µm, although this is dependant on how much of the
sample is penetrated by the laser and how much Raman scattered light makes it back to
the lens. It is estimated around 10-20 cells are captured in a single Raman acquisition.

Figure B.6: Image of the microscope view of the focused laser on a dried cell sample. The laser appears
to have an lateral focal spot of 20x20 µm which would encompass approximately 4-6 cells which have a
radius of 10 µm (based on CHO cells). This does not account for cells in the axial dimension but the
penetrative power of the laser is unknown.

B.1.4

Substrate

To acquire the Raman spectra of a biological sample it will often need to be mounted on
a substrate to be physically manipulable. This combined with the translucent nature of
most biological samples means that the substrate it is mounted upon will contribute its
own Raman scattered photons to the final spectra. Because of this Raman substrates are
chosen based on their Raman profile. An ideal substrate will have a smooth, consistent
and relatively minimal Raman profile, which easily facilitates post processing removal.
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However, due to the method of drying cells into a thick layer on top of the substrate
the distance of the substrate to the focal spot of the microscope is large enough that there
is minimal contributions from the Raman scattering of the substrate material. Because
of this, a coated gold mirror was used as a mount for the cells due to its low Raman
scattering, low cost, ease of reuse and its sturdiness (as compared to crystal coverslips).

B.1.5

Exposure

The exposure time for a sample is positively correlated with the SNR of the resulting
spectra with a diminishing return. The SNR ratio of any measurement increases as the
square root of the time of exposure. This means a 100 time increase in exposure time
would theoretically yield a 10 time increase in SNR [502]. This however only accounts
for signal dependent noise, signal independent noise remains the same for any exposure
time and thus needs to be accounted for separately.
The exposure time cannot be increased indefinitely as there is an upper limit for the
detection range of the CCD. Once the CCD reached saturation it will no longer count
any incoming photons which leads to lost signal. This saturation is pixel dependant so
each wavenumber in the spectra has its own saturation point. This means that if any
pixels in the detector saturates it will not stop the other pixels from counting photons
and thus the saturated wavenumbers are effectively useless. To avoid this an exposure
time was selected that was well below the saturation point of the detector. Samples were
exposed for no longer than 200 seconds. A simple work around for this is to accumulate
the readings from the detector. This is done by reading the pixel values off the detector
and accumulating the values of multiple discreet exposures. Theoretically this would
introduce more noise into the sample as the reading of the CCD into the computers
memory will incur ’readout noise’. This noise represents the inaccuracies of converting
the charge induced signal in the CCD to an electric signal and then to a digital signal at
the attached computer [503]. However, in practice newer CCDs and computers create
negligible amounts of readout noise so the SNR of any scan should reflect the sum
total of the exposure time regardless of the number of accumulations. Figure B.7 shows
a comparison of the SNR of different exposure times and accumulation counts for a
silicon wafer.
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Figure B.7: Signal to noise ratio of the 520.4 cm-1 peak for the Raman spectrum of a silicone wafer.
Spectra were taken with either one accumulations and 1-5 seconds exposure time (green bars) or one
seconds exposure time and 1-5 accumulations (blue bars). The black line represent the theoretical
maximum signal to noise ratio assuming the one second exposure one accumulation is at the theoretical
maximum signal to noise ratio and extrapolating from there, assuming signal to noise scales as the square
root of collection time.

For this work the exposure time of 200 seconds with one accumulation was selected
as this allows a very good SNR for biological samples without excessive Raman
collection times.
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C

Data

Data for this thesis can be found at ([Data archive not currently available]).
For the Raman spectrum processing in Chapter 6 The file ’Chapter_6.npy’ contains
the results. Table C.1 shows the parameters used in the analysis and the Python library
created to conduct this analysis can be found at (https://github.com/LiamDavisonGates/RamanProcessing).
Baseline Estimation Parameters
Algorithm

Parameter

Parameter Label

Parameter Value

Asymmetric Least Squares Lambda
(ALS)

1
2
3
4
5
6
7
8
9
10

10**1
10**2
10**3
10**4
10**5
10**6
10**7
10**8
10**9
10**10

Adaptive
Reweighed
Least Squares
(airPLS)

1
2
3
4
5
6
7
8
9
10

2
5
10
20
30
40
50
75
100
200

Iterative Lambda
Penalised
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Modified Polynomial
(ModPoly)

Polynomial

1
2
3
4
5
6
7
8
9
10

1
2
3
3
3
3
3
3
3
3

Small Window Moving
Average (SWiMA)

Iterations

1
2
3
4
5
6
7
8
9
10

5
10
15
20
25
30
35
40
45
50

Rolling Ball (RB)

Ball Width

1
2
3
4
5
6
7
8
9
10

5
10
20
35
50
65
80
100
125
150
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Fourier Transform (FT)

Fourier
Value

1
2
3
4
5
6
7
8
9
10

25
50
75
100
150
200
250
300
400
500

Moving Average (MA)

Window
Size

1
2
3
4
5
6
7
8
9
10

5
10
25
50
100
200
300
400
500
1000

Manual

Preselected
Signal
Regions

None

None

Table C.1: Baseline estimation algorithms and the parameters using when optimising for Raman spectra
separation in Chapter 6. ModPoly only uses three parameters but to keep the file data structure the same
shape the last parameter was repeated to fill out to 10 parameters. Manual uses pre-selected signal regions
and therefore does not have a varying parameter.

For the Raman spectrum of autophagy in Chapter 7 The file ’Chapter_7.pkl’ contains
the Raman spectra including all intermediate processing steps.
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