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ABSTRACT

This work describes the development and application of a novel combination of
single-cell Raman spectroscopy (RS), automated data processing, and principal com-
ponent analysis (PCA) for investigating radiation induced biochemical responses in
human tumour cells. The developed techniques are first validated for the analysis
of large data sets (~200 spectra) obtained from single cells. The effectiveness and
robustness of the automated data processing methods is demonstrated, and poten-
tial pitfalls that may arise during the implementation of such methods are identified.
The techniques are first applied to investigate the inherent sources of spectral vari-
ability between single cells of a human prostate tumour cell line (DU145) cultured in
vitro. PCA is used to identify spectral differences that correlate with cell cycle pro-
gression and the changing confluency of a cell culture during the first 3-4 days after
sub-culturing. Spectral variability arising from cell cycle progression is (i) expressed

as varying intensities of protein and nucleic acid features relative to lipid features,
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(ii) well correlated with known biochemical changes in cells as they progress through
the cell cycle, and (iii) shown to be the most significant source of inherent spectral
variability between cells. This characterization provides a foundation for interpreting
spectral variability in subsequent studies. The techniques are then applied to study
the effects of ionizing radiation on human tumour cells. DU145 cells are cultured in
vitro and irradiated to doses between 15 and 50 Gy with single fractions of 6 MV
photons from a medical linear accelerator. Raman spectra are acquired from irradi-
ated and unirradiated cells, up to 5 days post-irradiation. PCA is used to distinguish
radiation induced spectral changes from inherent sources of spectral variability, such
as those arising from cell cycle. Radiation induced spectral changes are found to cor-
relate with both the irradiated dose and the incubation time post-irradiation, and to
arise from biochemical differences in lipids, nucleic acids, amino acids, and conforma-
tional protein structures between irradiated and unirradiated cells. This study is the
first use of RS to observe radiation induced biochemical effects in single cells, and is
the first use of vibrational spectroscopy to observe such effects independent from cell
cycle or cell death related processes. The same methods are then applied to a panel of
human tumour cell lines, derived from prostate (DU145, PC3, LNCaP and PacMet),
breast (MDA-MB-231 and MCF7) and lung (H460), which vary by p53 gene status
and intrinsic radiosensitivity. One radiation induced PCA component is detected for
each cell line by statistically significant changes in the PCA score distributions for
irradiated samples, as compared to unirradiated samples, in the first 24 to 72 hours
post-irradiation. These RS response signatures arise from radiation induced changes
in cellular concentrations of aromatic amino acids, conformational protein structures,
and certain nucleic acid and lipid functional groups. Correlation analysis between
the radiation induced PCA components separates the cell lines into three unique RS
response categories: R1 (H460, MCF7 and PacMet), R2 (MDA-MB-231 and PC3),
and R3 (DU145 and LNCaP). These RS categories partially segregate according to
radiosensitivity; the R1 and R2 cell lines are radioresistant and the R3 cell lines are
radiosensitive (PacMet radiosensitivity (R1) unknown). The R1 and R2 cell lines
further segregate according to pb3 gene status, corroborated by cell cycle analysis
post-irradiation. Preliminary results obtained from a mouse prostate tumour cell line
(TRAMP-C2), irradiated both in vitro and in vivo, indicate that RS signatures of
radiation response may also be detectable from tumour cells obtained from an in vivo
system during radiation therapy treatment. These results indicate the potential for

future RS studies designed to investigate, monitor, or predict radiation response.
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Chapter 1
Introduction

This thesis presents a body of work that exists at the intersection of radiation therapy
physics, cellular radiobiology, and molecular spectroscopy. The results of this work
pertain to the development and application of Raman spectroscopic techniques for
analysis of radiation induced biochemical responses in human cancer cells. The moti-
vations for this work are grounded in the aim to further understand the biochemical
processes related to the interactions of ionizing radiation with human cells and tis-
sues, and the hope to improve the medical practice of treating cancer with ionizing
radiation. This first chapter provides an introduction to the fields of radiation therapy
(section 1.1), cellular radiobiology (section 1.2) and biological Raman spectroscopy
(section 1.3), in order to lay sufficient groundwork and justification for the remainder

of the thesis work presented.

1.1 Radiation therapy

1.1.1 History

Medical practitioners have employed ionizing radiation for therapeutic and diagnostic
purposes ever since Wilhelm Conrad Réntgen’s discovery of the X-ray in 1895 [1, 2].
The first therapeutic use of radiation for treatment of superficial cancers occurred
shortly after Pierre and Marie Curie’s discovery and isolation of the radioactive ele-
ments polonium and radium in 1898 [3]. Decades later, the 1950s brought the devel-
opment and implementation of cobalt treatment units and clinical linear accelerators
[4]. This revolutionary advancement provided the means for clinical production of

higher energy photons (greater than 1 MeV) allowing for increased penetration depth



in tissues for the treatment of deep-seated tumour sites. Further advancements in
radiation delivery and treatment planning have led to modern treatment techniques
such as 3D conformal radiation therapy (3DCRT) [5], intensity modulated radiation
therapy (IMRT) [6], image-guided radiation therapy (IGRT) [7], tomotherapy [8] and
volumetric arc therapy (VMAT) [9]. Brachytherapy, a term describing radiation ther-
apy where a radiation source is placed inside or adjacent to the diseased site, has also
underwent significant advancements due to developments in modern technology and
treatment planning software, and is currently used in the treatment of many different

types of cancers [10].

1.1.2 Modern clinical implementation

Radiation therapy is now the prescribed method of treatment for approximately one-
third of all new cancer patients. It is estimated that over 50,000 Canadians will
undergo radiation therapy for newly diagnosed cancer in 2011 [11]. Many patients
respond successfully to radiation treatment, experiencing dramatic improvements in
their quality of life and increasing their life expectancy. Some patients have much
more limited levels of success. The outcome of a treatment may vary depending on
the type and location of the tumour, the level of progression of the disease, and the
individual response of a patient to the radiation treatment [12]. Almost all patients
experience negative side-effects from radiation therapy, ranging from mild to debili-
tating, due to the unavoidable irradiation of healthy tissues [13]. As such, modern
radiation therapy aims to deliver a lethal amount of radiation dose to the desired
tumour volume, as prescribed by the radiation oncologist, while minimizing the irra-
diation of surrounding organs and tissues.

With modern medical imaging techniques (e.g., ultrasound, computed tomogra-
phy, magnetic resonance imaging, positron emission tomography) the position and
shape of the tumour can be accurately determined and digitized, provided that the
bulk of the tumour is easy to visualize. Areas of microscopic disease are often difficult
to locate, and margins are added to the identified tumour bulk volume to hopefully
encompass any microscopic extent [10]. Using modern radiation delivery techniques,
such as 3DCRT, IMRT, VMAT or brachytherapy, treatments can be designed to con-
form to the 3D tumour volume, minimizing the dose to surrounding healthy tissue.
Ideally, the radiation dose prescribed by the radiation oncologist for curative treat-

ment of the tumour will be delivered to the desired location with minimal irradiation



of surrounding organs and tissues. The details of the various methods for the plan-
ning and verification of such clinical radiation treatments are described in detail in

medical physics and radiotherapy texts [10, 14].

1.1.3 External beam radiation therapy

External beam radiation therapy (EBRT) is the delivery of high energy ionizing ra-
diation to diseased tissues, where the radiation beam originates from outside of the
patient and is targeted at the tumour. The most common method of delivering EBRT
is with a linear accelerator, or “linac”. The basic operation of a typical linac, and
a brief description of the physical processes involved in depositing radiation dose, is
presented below. A more thorough discussion of these concepts is available elsewhere

in medical physics and radiotherapy texts [10, 14].

The clinical linear accelerator

A schematic of a typical modern linac design is shown in figure 1.1. An electron
gun emits electrons into a waveguide, where the electrons are accelerated by ~3
GHz microwaves to energies ranging from 4 to 24 MeV [10]. The electrons exit the
waveguide and are bent by a 270° bending magnet to strike a metal target made of
a high atomic number material, typically tungsten. The target stops the electrons
and produces a high-energy photon beam via the bremsstrahlung interaction between
the electrons and the atomic nuclei [14]. It should be noted that most clinical linacs
can also deliver a therapeutic electron beam by replacing the target with an electron
scattering foil [10], but this mode of treatment is less common than photon irradiation
and is not further discussed here.

After exiting the target the lateral intensity distribution of the photon beam is
forward-peaked, and is therefore passed through a flattening filter to produce a photon
beam of uniform lateral intensity. The lateral geometry of the photon beam is initially
determined by the primary collimators directly below the target (figure 1.1), and is
further defined by two sets of moving paired collimator jaws (upper and lower) and
an array of multi-leaf collimators (MLCs) positioned at the exit port of the linac
treatment head. MLCs consist of ~100 opposing pairs of individually controlled
collimating filaments, typically 0.5 - 1.0 cm wide, allowing for variable and dynamic
beam shaping. The inherent rate of the photon output of the linac, before the variable

beam shaping by the jaws and the MLCs, is monitored by two ionization chambers



positioned below the flattening filter. The linac gantry can rotate 360° about the
patient treatment couch, thus delivering radiation from any angle. The intersection
of the gantry rotation axis and the beam axis is called the linac “isocentre”, and is
typically 100 cm from the source of the photon beam (i.e., the bottom of the target).
The rectangular field size of the photon beam at isocentre, as defined by the jaws,

ranges from ~1 cm x 1 cm up to ~40 cm x 40 cm, with any further beam shaping
provided by the MLCs.
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Figure 1.1: Schematic of a modern clinical linear accelerator for external beam radi-
ation therapy.

Photon interactions in tissue

The photon beam exiting the linac treatment head has a broad energy spectrum, with
energies ranging from ~100 keV up to the maximum energy of the electrons strik-
ing the target (i.e., 4 to 24 MeV). Photons at these energies predominantly interact
with atoms in tissue through photoelectric, Compton, and pair and triplet production

processes. The likelihood of each process occurring depends on the incident photon



energy and the effective atomic number of the material [14]. In terms of photon in-
teractions at therapeutic energy levels, human soft tissue is approximately equivalent
to water. The relative importance of each type of interaction, in terms of the relative

number of interactions in water, is provided in table 1.1.

Table 1.1: Relative number of interactions (%) of photoelectric (7), Compton (o)
and pair and triplet production (7) processes in water, for different incident photon
energies [14].

Photon Energy (MeV) 7 o 7
0.010 95 5 0
0.026 50 50 O
0.050 11 89 0
0.100 1 99 0
0.150 0 100 O
1.00 0 100 O
2.00 0 99 1
4.00 0 94 6
10.00 0 7T 23
24.00 0 50 50
50.00 0 29 71

Photoelectric interactions occur when an incident photon is absorbed by an atomic
(inner shell) electron, causing the ejection of a photoelectron with energy equal to
the difference between the incident photon energy and the binding energy of the elec-
tron. The electron vacancy in the inner shell causes an electron cascade as electrons
from higher energy levels fill in the lower level vacancies, resulting in the emission
of characteristic x-rays and Auger electrons. For incident photons with low energies
(~10-20 keV), the photoelectrons are ejected at approximately right angles with re-
spect to the incident photon direction, but the angular distribution of photoelectrons
becomes more forward peaked (i.e., < 30° from the direction of the incident photon)
at energies of 1 MeV or higher [14]. In water, photoelectric processes only contribute
significantly for photon energies up to ~100 keV (table 1.1).

Compton scattering occurs when an incident photon scatters off a free (or valence
shell) electron. The incident photon imparts kinetic energy to the scattered Compton
electron equal to the difference between the initial photon energy and the scattered
photon energy. The angular distribution of Compton electrons depends on the in-
cident photon energy, and at ~100 keV is fairly isotropic between 0° and 90° but
becomes highly forward peaked (i.e., < 10° from the direction of the incident photon)

at energies of 10 MeV or higher [14]. In water, Compton scattering is the dominant



photon interaction for photon energies ranging from ~50 keV up to ~10 MeV (table
1.1).

Pair production occurs when a photon of energy greater than 1.022 MeV (twice
the rest electron energy, 0.511 MeV) interacts with the atomic nucleus to form an
electron-positron pair. The electron and positron each have kinetic energies equal
to one-half the difference between the incident photon energy and 1.022 MeV (the
energy required to create the electron-positron pair). The angular distribution of the
ejected electrons and positrons becomes highly forward peaked as the incident pho-
ton energy increases [14]. The ejected positron travels through the material until its
energy is reduced to approximately that of the surrounding electrons, upon which it
annihilates with an electron to produce two photons emitted in opposite directions,
each with energy 0.511 MeV. These annihilation photons then interact via photo-
electric or Compton processes, as described above. Triplet production also occurs at
high photon energies, but requires the initial photon energy to be greater than 2.044
MeV. Triplet production occurs when a photon interacts with a free electron to pro-
duce a positron-electron pair and an additional electron. Pair and triplet production
processes contribute significantly to photon interactions in water at energies above
~2 MeV (table 1.1), with triplet production occurring ~10 times less often than pair
production [14].

From a therapeutic perspective, the end result of the above photon interactions
is the release of high-energy electrons (and positrons) with a forward peaked angular
distribution, which interact with the atoms and molecules in the tissue. Electrons
(and positrons) will interact with atoms either by (1) excitation, (2) ionization, (3)
bremsstrahlung production, or (4) characteristic radiation production (via ejection of
an inner shell electron) [14]. Processes (3) and (4) result in the creation of more pho-
tons (as will positron annihilation) that may undergo further interactions to release
more electrons. Atomic excitations and ionizations, however, are processes where en-
ergy is absorbed locally by the tissue, possibly resulting in the breaking of molecular
bonds, generation of reactive species, and biological damage. The amount of energy
absorbed by a material, per unit mass, is defined as the radiation “dose” deposited
in the material. Dose is typically expressed in units of Gray (Gy), where 1 Gy =
1 Joule / kg [14]. A further discussion of the effects of such energy deposition on

biomolecules and cells is provided below in sections 1.2.2 and 1.2.3.



1.2 Cellular radiobiology

The field of radiobiology in medical physics attempts to understand the effects of
ionizing radiation on cells and tissues in order to improve the effectiveness of radia-
tion therapy treatments by incorporating knowledge of radiobiological processes, for
tumours or healthy tissues, into the treatment planning process. Increased under-
standing of the fundamental interactions of radiation with biological tissues, and the
radiation induced processes that determine cell death or survival post-irradiation,
may potentially provide considerable benefits to both the individual patient and the
field of radiation therapy. As discussed below, there are many outstanding problems
and questions in the field of cellular radiobiology that currently limit the ability to
further personalize and optimize modern radiation therapy treatments by incorporat-
ing knowledge of radiobiological effects. Before further discussion in this matter, the
basics of the field of radiobiology, as applied to radiation therapy of human cells and

tissues, is presented below.

1.2.1 The human cell: Biomolecules, cell cycle and genes

The cell is a collection of biological molecules organized into a single living unit.
Human cells consist of membrane bound organelles suspended in cytoplasm, a saline
solution that is 70-85% water, surrounded by a phospholipid bilayer membrane. Cell
biomolecules are classified as either nucleic acids (DNA and RNA), proteins (e.g.,
enzymes, structural or transport molecules), lipids (e.g., fatty acids, phospholipids,
cholesterol), or carbohydrates (e.g., sugars, starch, glycogen). In terms of biomolecule
composition, a cell is ~79% protein, ~5% nucleic acid, ~11% lipid and ~5% carbo-
hydrate [15]. The results presented in this work are largely focused on changes in
cellular concentrations of proteins, nucleic acids and lipids, with respect to cell cycle
and genetic factors; as such, a brief discussion of each of these topics is provided.
Proteins are large molecules composed of a sequence of amino acids linked together
by peptide bonds. There are 20 standard amino acids used for protein synthesis;
the amino acid sequence is specified by the cell’s genetic code and determines the
type of protein synthesized. A single amino acid has an amine group, a carboxyl
group, and a side-chain (R) specific to the amino acid (figure 1.2a). Amino acids join
together via a dehydration reaction, forming an amide group (N-C=O) containing
the peptide bond (C-N) and a water molecule (figure 1.2b). Long chains of amino

acids arrange themselves into secondary protein structures, consisting of a-helices,



(-sheets and random coils, which further combine to form three dimensional tertiary
and quaternary protein structures. The secondary structure of crambin, a small plant
seed protein [16], is shown in figure 1.2¢, with a-helices in red, (-sheets in blue and

random coils in grey.
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Figure 1.2: Schematic diagrams of (a) the general structure of an amino acid and (b)
the joining of two amino acids in a dehydration reaction forming an amide group and
a water molecule. (c¢) Secondary structure of the protein crambin [16], with a-helices
in red, f-sheets in blue and random coils in grey (created using the “iMol Molecular
Visualization Program”, Piotr Rotkiewicz, 2007).

Nucleic acids in the cell consist of deoxyribonucleic acid (DNA) and ribonucleic
acid (RNA). A single strand of a nucleic acid contains a chain of alternating sugar and
phosphate groups which forms the backbone of the strand. Attached to each sugar
group is a nitrogen-containing molecule called a base. The bases are classified into two
groups based on their chemical structure: the pyrimidines thymine (T), cytosine (C)
and uracil (U) have a single ring, and the purines adenine (A) and guanine (G) have a
double ring. In double-stranded DNA, the bases on one strand form hydrogen bonds
with bases on the other strand, and the two strands intertwine into a double-helix.

Due to the chemical structure of the bases, T preferentially forms hydrogen bonds



with A, and C with G, making the two strands in the DNA helix complementary to
each other (figure 1.3). RNA is structurally different from DNA: RNA molecules are
primarily single-stranded and much shorter than DNA, the sugar group in the RNA
backbone is ribose instead of deoxyribose, and the pyrimidine uracil replaces thymine
as the complementary base to adenine (figure 1.3). The sequence of bases in DNA
is the recipe for protein synthesis, the origin of genetic traits, and is responsible for
programming the activities of the cell, whereas RNA is the corresponding machinery
that facilitates protein synthesis and genetic expression through transcription and
translation of DNA code.
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Figure 1.3: Block diagrams of a section of double-stranded DNA, showing the back-
bone of alternating deoxyribose sugar (dS) and phosphate (P) groups and the hydro-
gen bonding (dotted lines) of the bases adenine (A), thymine (T), guanine (G) and
cytosine (C), and a section of single-stranded RNA, with ribose sugar (rS) and uracil
(U) in place of thymine.

Lipids are a large and diverse class of biomolecules, whose biochemical roles in
the cell include membrane structure, energy storage, cell signalling, biomolecule trans-
port, and metabolism. Most lipids contain at least one fatty acid, which contains a
long hydrocarbon chain typically 16-20 carbon units long. An example of a com-
mon cell membrane phospholipid is phosphatidylcholine (figure 1.4), which consists
of a choline head group bonded with a phosphate group and a diglyceride (a glycerol
molecule bonded to two fatty acids) with hydrocarbon chains 16 and 18 carbon units
long.

The human mitotic cell cycle (figure 1.5) is divided into two main phases: inter-

phase (I), a period of rest, growth and preparation for division, and mitosis (M), a
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Figure 1.4: Schematic diagram of phosphatidylcholine, a cell membrane lipid consist-
ing of a choline head group, a phosphate group, and a diglyceride. Most C-H bonds
are omitted for clarity.

period of active cell division in which the cell is split into two daughter cells. The
cell spends ~50% (or more) of its cycle in interphase, which is further divided into
three distinct phases: Gap 1 (G1) phase, DNA Synthesis (S) phase, and Gap 2 (G2)
phase. The longest of these phases is G1 phase, in which the cell is growing in size
and synthesizing proteins, lipids and RNA in preparation for DNA replication. Before
onset of S phase, the DNA helices are packed with nuclear proteins into dense units
called chromosomes. S phase begins with the onset of DNA replication and ends
when the DNA has been fully copied. During DNA replication each chromosome is
duplicated to form two sister chromatids. The sequence of bases is copied and shared
between the two daughter cells during mitosis, thus providing each daughter cell with
the necessary complement of DNA and passing genetic information to future gener-
ations. In G2 phase, the cell continues to grow and synthesize proteins, lipids and
RNA in preparation for mitosis. It is also possible for a cell to suspend cell cycle
progression and enter into Gap 0 (G0) phase, a state of cellular quiescence. GO phase
is a long-lived dormant phase, characterized by low RNA and protein levels [17, 18],
which is usually entered into from early G1 phase.

Analysis of the cell cycle distribution of a population of cells is typically performed
by measuring the relative DNA content of a representative sample of cells, using a
technique called flow cytometry [19]. With this method, cells in suspension are treated
with a fluorescent dye that binds to DNA. The cell suspension is then passed through a
single-cell wide capillary and illuminated with an excitation laser. A photo-multiplier
tube records the fluorescent intensity from each cell, which is proportional to the DNA
content in each cell. In this fashion, G1, S and G2 phase cells can be distinguished
based on their relative DNA content: G2 phase cells will have twice the amount of

DNA as G1 cells, and S phase cells will have an intermediate amount of DNA relative



11

Figure 1.5: Phases of the mitotic cell cycle. The size of the region shown approximates
the relative time for the corresponding phase to complete. I - Interphase, M - Mitosis,
G1 - Gap 1, S - DNA Synthesis, G2 - Gap 2, GO - Gap 0 (cellular quiescence).

to G1 and G2 phase cells. With modern flow cytometry technology, thousands of
cells per second can be analyzed, enabling very fast and accurate measurements of
the cell cycle distribution of a sample.

Distinct sequences of bases on chromosomes that code for specific proteins or
nucleic acids are called genes. The order of the bases in a gene determines the order
of the molecular subunits used to synthesize a protein or nucleic acid, thus determining
the structure and function of the synthesis products to be used by the cell. The act
of using the information coded in a gene to synthesize a functional product (i.e., a
protein or functional RNA molecule) is called gene expression, a vital act required for
all normal cellular processes and for any active cellular responses to external stimuli.
This role of DNA in the general health of a cell, and the ability of a cell to reproduce
or adapt to its environment, has made DNA a primary biomolecule of interest in

radiobiology.

1.2.2 Radiation effects on biomolecules

Photon and electron radiation can affect biomolecules in two ways. As discussed in
section 1.1.3, photons of therapeutic energies interact predominantly through pho-
toelectric, Compton and pair and triplet production processes, causing the release
of high-energy (few keV to MeV) electrons. Direct interaction of these electrons
with a biomolecule may cause atoms to be ionized or excited, causing damage to the
biomolecule. This is called direct action of radiation [20]. More commonly, photons

interact with components adjacent to a biomolecule (water in particular) and create
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long-lived reactive species called free radicals. Free radicals can diffuse long distances
(on the order of tens of nanometers [21]) compared to the width of a DNA strand
(~2 nm), and react with and damage biomolecules due to the presence of unpaired
electrons. This is called indirect action of radiation, and is the dominant source of
damage from irradiation with photons and electrons (as opposed to irradiation with
heavier particles such as protons, neutrons or a-particles) [20].

The creation of free radicals from water occurs when the absorption of radiation

by water molecules results in a water ion pair (HoO", HoO™) by the reactions

HyO — HO" + e~
HQO +e — HQO_ (11)

The water ions are unstable and rapidly dissociate in the presence of other water

molecules by the reactions

H20+ — H+ + OH*
H,0~ — OH™ + H* (1.2)

forming an ion pair (HT, OH™) and the free radicals H* and OH®. The ion pair will
likely recombine to a water molecule, but the free radicals have enough energy to
diffuse distances great enough (i.e., greater than the diameter of the DNA helix) to
react with target biomolecules. It is estimated that about two-thirds of all indirect
cell damage is caused by the highly reactive OH® free radical [15, 20].

DNA is currently considered the primary cellular target of radiation, meaning
that damage to DNA results in the highest probability of cell death [20]. Other
biomolecules show radiation induced damage as well, such as chain breakage in car-
bohydrates, structural changes in proteins, and changes to the activity of enzymes
[15]. The importance of these effects to the health of a cell is currently not well
understood, and other biomolecules are not considered the primary target of radia-
tion. As such, most studies in radiobiology have been focused on DNA damage and
chromosomal aberrations resulting from radiation.

Radiation induced damage to a double-stranded DNA helix can manifest as a
single-strand break (SSB) or a double-strand break (DSB), depending on the amount
and spatial distribution of energy deposited by charged particles or free radicals at

the site of interaction. SSBs are characterized by damage to a single base-backbone
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section, and are often repaired by the cell using the opposite strand as the complemen-
tary template. DSBs, however, result in a complete snapping of the DNA molecule.
Repair of DNA DSBs is possible via one of two dedicated DSB repair mechanisms:
non-homologous end-joining (NHEJ) or homologous recombination (HR) [20]. DNA
DSBs can result in aberrations to an entire chromosome if not repaired, or if repaired
incorrectly. There is a large body of work showing direct evidence of SSBs, DSBs,
and both SSB and DSB repair in cells, using methods such as pulsed-field gel elec-
trophoresis, single-cell electrophoresis, gas-chromatography mass-spectrometry, and

fluorescence microscopy [22-26].

1.2.3 Radiation effects on cell survival

Chromosomal damage resulting from one or more DNA DSBs is likely the most lethal
radiation effect in a cell, and is often directly visible with a high power microscope
[20]. There has been significant work in this field, as the correct replication and split-
ting of the chromosomes during cell division may determine the ultimate health of the
daughter cells. There are many different types of chromosomal aberrations, depending
on the number of breaks in a chromosome or chromatid and depending on how the cell
attempted to repair such breaks. Incorrect repairs can result in severely misshapen
chromosomes, or chromosomes that appear normal but are coded incorrectly. Suffi-
cient damage may result in the inability of the cell to divide properly, thus killing the
cell in a process termed mitotic death. Alternatively, radiation damage may induce
cell death independent of division via apoptosis, a controlled process of programmed
cell death, or necrosis, an uncontrolled “violent” form of cell death. Damaged cells
may also become senescent, a term describing cell inactivation by permanent ces-
sation of cell cycle progression, although basic cellular processes (e.g., metabolism,
signalling) may continue for some time. Not all DNA or chromosome aberrations are
lethal to the cell; some may instead cause a mutation (possibly carcinogenic) that
does not affect the successful reproduction of the cell. Current radiobiological models
employed to characterize the radiation response of cells are insensitive to the differ-
ent types of cell death, mutations, or survival mechanisms, and focus purely on cell
survival. These models are discussed below.

The effect of radiation on cells is commonly quantified experimentally with a cell
survival curve, in which the surviving fraction of a population of irradiated cells is

plotted against the delivered radiation dose, typically in units of Gray (Gy). The
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surviving fraction is determined by irradiating a culture of cells to a known dose,
sparsely seeding a known number of cells in a culture dish, incubating the cells to
allow exponential growth of each surviving cell into a single colony (typically 1-3
weeks, depending on cell type), and then counting the number of colonies and dividing
by the number of colonies formed by an unirradiated control culture [20, 27]. In
conventional survival curves (figure 1.6a), the surviving fraction is plotted on a log
scale, with dose on a linear scale. The curvature of the survival curve is determined
by the radiosensitivity of the irradiated cells; a cell type that is more radiosensitive
will require less dose to produce a given surviving fraction (figure 1.6a). For several
reasons, such as accelerated growth rate and decreased repair rate, tumour cells are
typically more radiosensitive than healthy cells of the same tissue type [15, 20]. This

is one of the fundamental reasons why radiation therapy works for cancer treatment.
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Figure 1.6: (a) Single dose survival curves for mammalian cells with varying cell
(or tissue) radiosensitivity and (b) fractionated dose survival curves (for constant
radiosensitivity) with varying amounts of dose per fraction (fx). Reproduced from
Quinn Matthews’ M.Sc. thesis [28].

Experimental cell survival curves, plotted on a log-linear scale (figure 1.6a), are
typically characterized by an initial linear portion at doses < 2 Gy (i.e., the surviving
fraction decreases exponentially with dose), followed by a downward curving portion
at higher doses. At doses much higher than those delivered clinically for a single
treatment fraction, experimental curves become linear again. The most widely ac-
cepted model for the shape of the survival curve is the linear-quadratic model, which
assumes that there are two components contributing to cell death. The first compo-

nent is linear with dose, corresponding to lethal DNA damage resulting from a single
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electron, and the second component is quadratic with dose, corresponding to lethal
DNA damage resulting from two independently created electrons. The form of the

theoretical survival curve is therefore given by
S = ¢ @P-oD*? (1.3)

where S is the surviving fraction, D is the radiation dose, and « and 3 are con-
stants describing the relative contributions of the linear and quadratic components,
respectively. For low doses (i.e., 1 — 2.5 Gy) that are typically prescribed for single
daily treatment fractions, the model represents experimental data fairly accurately.
However, at high doses, where experimental survival curves become linear, the curve
described by the model bends continuously downwards as the quadratic term domi-
nates, in disagreement with experiment.

In clinical radiotherapy practice, the delivery of a single high dose to a tumour is
very rare. Instead, the total treatment is divided into fractions, in which multiple low
dose treatments (typically ~2 Gy each) are delivered, usually separated by ~24 hours.
For most forms of cancer treated with radiation there are significant advantages to
fractionating a treatment. The delay between treatments allows healthy tissues to
both repair any non-lethal damage and repopulate any lethally damaged regions with
new healthy cells. This is doubly beneficial as the rate of repair is typically higher in
normal tissues than in cancerous tissues. The delay also allows surviving tumour cells
to progress to more radiosensitive phases of the cell cycle (primarily late G2 or M
phase, in which rapidly dividing tumour cells inherently display a higher proportion
than normal cells) prior to the next treatment. Furthermore, prolonging the treatment
using multiple low doses helps to spare the patient from acute, early-onset side effects
resulting from higher doses to healthy tissues. Therefore, through fractionation the
total dose to the tumour can be significantly increased, thus improving the probability
of eradicating the tumour. The effect of fractionated treatment on a cell survival
curve is shown in figure 1.6b, indicating that as the dose per fraction is decreased,
the fractionated curve increasingly approximates a continuation of the initial linear
component of the curve. The linear-quadratic model described above is very useful for

fractionated treatment planning, once the prescribed total dose has been determined
20].
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1.2.4 Current problems and questions in radiobiology

In theory, the linear-quadratic model could be applied to experimental data to gener-
ate survival curves for various human tissues, tumours and organs, for the purposes
of accurate treatment planning. However, most experimental radiobiology data is
collected from established tumour cell lines cultured in wvitro (i.e., in a controlled
environment in the lab), and it is often difficult to quantify a radiobiological effect
for tissues in vivo (i.e., in the original organism). Furthermore, it is difficult to ob-
tain patient cell or tissue samples that will grow well enough in a lab to perform a
radiation experiment and measure a survival curve [20]. There have been some suc-
cessful in situ experiments, where irradiated cells are transplanted into mice and the
tumour development is subsequently monitored, but there is some question on the
validity of applying experimental observations from non-human organisms to human
radiation therapy patients [29]. Due to these experimental difficulties, and a corre-
sponding lack of understanding of cell death or survival probabilities with radiation
for a given patient, current models are unable to predict the necessary doses required
for complete control of a given tumour with acceptable levels of normal tissue dam-
age. Prescribed doses are instead obtained by using population averages from past
clinical treatments, determined from records of patient radiation response for healthy
and cancerous tissues post-treatment, for a given dose and cancer type [12].

A major shortcoming of this method of dose prescription is the observed vari-
ability in the clinical response to radiation treatment between patients; both the
level of normal tissue complications and the radiation response of the tumour are
dependent on the individual sensitivity of the patient, or tumour, to radiation [30].
Some patients experience severe normal tissue complications that limit the amount
of dose delivered, potentially compromising the effectiveness of the treatment [13].
Some tumours are more resistant to radiation compared to what is expected from the
population average, which may lead to local recurrence of disease and consequently
a very poor prognosis for further treatment [31]. As such, there is considerable in-
terest in developing a predictive assay to determine individual radiosensitivity prior
to, or during, treatment, such that the amount of dose delivered could be escalated
for more resistant patients and reduced for more sensitive patients [30]. Experimen-
tal efforts to develop a predictive or monitoring assay for normal tissue complication
probability have, so far, had unsatisfactory levels of success for clinical implementa-

tion [32-35]. Previous and current efforts to develop an assay to predict or monitor
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tumour response are discussed below in section 1.2.5.

There are several other examples of poorly understood radiobiological phenomena
that merit further investigation in the field of cellular radiobiology. As mentioned
in section 1.2.3, the linear-quadratic model, used extensively for planning clinical
radiation treatments, is relatively accurate at low doses used for fractionated treat-
ments but significantly underestimates cell survival after delivery of single high doses
[36]. Unknown radiobiological processes contributing to increased cell survival are
likely the cause of this discrepancy. Furthermore, current models predict cell survival
alone and are insensitive to radiation induced effects in cells that may alter the cell
in some way, but may not be lethal, or even detrimental. An example of such an
effect is the experimental observation of the cellular radioadaptive response [37], in
which surviving cells exposed to low doses of radiation exhibit increased resistance
to subsequent exposures at higher doses. This effect further indicates that radiation
induced DNA damage alone does not determine the probability of cell death. Most
cellular radiobiology experiments are only sensitive to DNA damage and/or repair,
and do not monitor radiation induced effects on other types of biomolecules in a cell,
namely RNA, proteins, lipids and carbohydrates [15].

The evidence of the radiobiological bystander effect is another important example
of the need for further investigations across biomolecule types. First demonstrated in
1992 [38], it was seen that when a known fraction of cells in a culture is irradiated with
low doses of a-particles, a higher fraction of cells show chromosomal damage than
what was known to be irradiated. Many recent experiments have confirmed this effect.
A common method is to use focused radiation microbeams, capable of irradiating only
the nucleus of a single cell, to demonstrate that cells in the vicinity of the irradiated
cell, but not exposed to the beam, display higher incidences of mortality, mutation
and general damage [39]. Other experiments have harvested cells from an irradiated
culture and transplanted them into a non-irradiated culture, subsequently observing
the same damaging effects in the non-irradiated cells as in the irradiated cells, albeit
to a lesser degree [40]. This is direct evidence of a radiation response that triggers
some passage of information, or perhaps a toxic substance, from the damaged cells to
the healthy cells. Such examples of radiobiological phenomena illustrate that there
are indeed a number of unknown radiation induced biomolecule interactions that are
vital to the radiation response of a cell culture, and that radiation effects determining

cell death or survival are not restricted to DNA damage and repair.
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1.2.5 Previous and current efforts for predicting or monitor-

ing tumour response and intrinsic radiosensitivity

As mentioned above, there is considerable interest in developing an assay for predict-
ing or monitoring tumour radiation response; however, there is currently no proven
biochemical or imaging method for assessing tumour radiation response in a patient
during the course of an extended treatment. An overview of the previous and current

efforts in this field, and the important conclusions for future work, is provided below.

Studies using pretreatment tumour properties

Previous efforts to develop a predictive assay for tumour radiation response have
targeted pretreatment tumour properties related to apoptosis [41], intrinsic tumour
radiosensitivity [41-43], tumour oxygenation levels (hypoxia) [44-46] and tumour
proliferation rate [47]. These previous efforts can be classified as either cell based
assays, or functional assays.

Cell based assays, such as those investigating apoptosis or intrinsic tumour ra-
diosensitivity, require the extraction of tumour cells for experimentation and/or anal-
ysis prior to radiation treatment. Apoptosis occurs as a cell death mechanism in
unirradiated tumours and is often enhanced post-irradiation, raising the possibility
that pre-treatment apoptosis levels may either predict tumour response to radiother-
apy or be a surrogate marker for intrinsic radiosensitivity. As such, studies have been
performed to measure the fraction of apoptotic cells in a tumour before treatment,
and correlate values with treatment outcome. High levels of apoptosis were shown to
be statistically predictive of decreased patient survival and increased local recurrence
for cervical cancers, although apoptosis levels and intrinsic radiosensitivity were found
to be uncorrelated [41]. However, subsequent studies investigating the predictive po-
tential of pre-treatment apoptosis levels demonstrated variable levels of success [48].
Intrinsic tumour radiosensitivity can be measured directly by a clonogenic survival
assay [27], provided that the extracted tumour cells will grow and survive long enough
to perform a radiation experiment and measure a surviving fraction. Radiosensitivity
is often quantified simply by the surviving fraction of a culture of tumour cells after
2 Gy of radiation (SF3). Several studies have established that SF is statistically pre-
dictive of local tumour control in radiotherapy patients, independent of other factors
[41-43]. Unfortunately, not all patient tumours can be analyzed successfully with this

technique (e.g., 71% and 63% success rates reported for studies on cervical [42] and
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head and neck [43] tumours, respectively) and the assay times are too long (~4 weeks)
for such assays to guide clinical radiation therapy treatments. However, the result
that SF is statistically predictive of local tumour control confirms that understand-
ing the fundamental cellular mechanisms affecting intrinsic radiosensitivity is a vital
component for improving the effectiveness of future radiation therapy treatments.

Functional assays directly measure some property of the tumour, such as oxygena-
tion status or proliferation rate. Low oxygen concentration (hypoxia) in a tumour is
known to cause increased tumour cell survival. This phenomenon is generally believed
to be the result of a decrease in the “oxygen fixation” of radiation induced damage.
Biomolecular damage caused by the OH® radical can often be restored to its original
undamaged form by reaction with a H3O" ion, whereas the reaction of a damaged
molecule with oxygen will chemically “fix” the damage, thus necessitating biological
repair [31]. As such, many studies have investigated tumour hypoxia for the predic-
tion of treatment outcome, using either direct measurements of tumour oxygenation
levels using polarographic electrodes [44], or indirect measurements of hypoxia by
the detection of certain proteins expressed by hypoxic cells [45]. However, direct
hypoxia measurements are highly invasive and difficult to accurately reproduce, and
both direct and indirect methods have shown variable levels of success for prognostic
significance [46]. Functional assays measuring parameters related to tumour prolifer-
ation rate have also been investigated for predicting radiation response. Such assays
are performed by injecting patients with a drug known to preferentially accumulate in
rapidly dividing cells, and then later extracting tumour biopsies for analysis of drug
uptake. However, such methods are inherently invasive due to the toxicity of the
injected drug, and have shown only weak correlations between increased proliferation
and poorer treatment outcome [47].

Although many cell based or functional assays have demonstrated predictive po-
tential, most have had unsatisfactory levels of success when correlated with treatment
outcome, or have not been reproduced by other studies using different techniques or
studying different tumour sites, or have posed significant technical difficulties pre-

venting clinical implementation [48].

Gene-based techniques for predicting intrinsic radiosensitivity

Due to mounting evidence [48], it is now widely accepted that genetic differences be-

tween tumours from different patients play a significant role in the observed differences
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in intrinsic tumour radiosensitivity. As such, the relationship between the genetic sta-
tus of tumours and intrinsic radiosensitivity has been studied extensively. However,
the dependence of the functional state of individual genes (e.g., p53, a gene known
to regulate cell cycle progression and the initiation of apoptosis post-irradiation [49])
in determining radiosensitivity or radioresistance appears to depend on the tumour
cell lines examined [49-53]. For example, one study, using a variety of radioresistant
and radiosensitive cell lines derived from cancers of the brain, bladder and ovary,
reported that functional pb3 is a requirement for increased sensitivity to radiation
[49]. However, a later study reported increased radiation survival in prostate cancer
cells with functional p53 as compared to cells with non-functional mutated p53 [51].
These conflicting results suggest that many genes (or other factors) are likely involved
in determining radiation response.

Recently developed methods have applied the expression profiles of multiple genes
to predict the tumour radiosensitivity of a patient by comparisons with expression
profiles and experimental radiation survival data from established tumour cell lines
[54, 55]. These methods have been shown to be statistically predictive of tumour re-
sponse in esophageal and rectal cancers, and of local tumour control in head and neck
cancers [56]. Such techniques likely have the most potential for clinical implementa-
tion, as pre-treatment genetic profiling of a patient’s tumour cells is relatively simple
with modern techniques. However, both pre-clinical [54, 55| and clinical [56] studies
using such techniques have reported many false positives and negatives, which may
degrade confidence in such methods for guiding personalized treatments. Such meth-
ods may also be inherently limited by the use of laboratory data from a limited panel
of established tumour cell lines upon which the models are constructed, possibly lim-
iting the application for clinical cases across a variety of tumour types. Furthermore,
there may be other sources of experimental bias in these studies; for example, none
of the genes identified as being important for predicting intrinsic radiosensitivity are
genes known to be expressed under hypoxic conditions (and therefore likely important
in the tumour radiation response of a patient), as all radiation experiments used to

generate the predictive model were performed under fully oxygenated conditions.

Need for new methodologies?

In light of these previous and ongoing research efforts, it is likely that future advances

in the field of experimental radiobiology as applied to personalized radiation therapy
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may benefit from the use of new biochemical analysis methods with the ability to
analyze biochemical radiation response in wvitro or in vivo across a wide variety of
biomolecules. One such technique is Raman spectroscopy (RS). An brief introduction
to RS, and a description of its previous applications in the biomedical sciences, is

provided below.

1.3 Raman spectroscopy in cell and tissue analysis

Raman spectroscopy (RS) is a vibrational spectroscopy technique in which an optical
wavelength laser is focused onto a sample, inducing transitions between molecular
vibrational levels and creating inelastically scattered photons with frequencies and
intensities characteristic of the molecules in the sample. A schematic of a general
Raman system is shown in figure 1.7a. The scattered Raman photons are passed
through a spectrometer and collected on a charge-coupled device (CCD) for spectro-
scopic analysis. The resulting Raman spectrum (e.g, figure 1.7b) provides a detailed
description of the molecular composition within the sampling volume, as each peak
can be assigned to the vibration of either a specific type of molecule or a molecular

group from a specific class of molecules.
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Figure 1.7: (a) General schematic of the light path for a typical Raman spectroscopy
system. (b) Sample Raman spectrum of a single cell.

A brief overview of the advantages of RS for biomedical applications is provided
below (section 1.3.1). This is followed by a review of the previous RS studies of cells

and tissues (section 1.3.2) and radiobiological processes (section 1.3.3), which are
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directly relevant to the scope of this thesis (section 1.4). An overview of RS theory
and implementation, and further examples of RS applications, is provided in chapter

2.

1.3.1 Advantages of Raman spectroscopy for biomedical ap-

plications

RS is attractive for biomedical applications for a number of reasons. Within a specific
range of laser wavelength and power, RS is noninvasive and nondestructive, allow-
ing the analysis of live cells or tissues without perturbation of the sample [57-59].
The use of high-power focusing optics can provide spatial resolutions as low as 1
pum, well below the typical size of a human cell (10-50 ym diameter). This sampling
flexibility allows RS to be applied to a variety of biological samples ranging in scale
from sub-cellular organelles to multi-cellular bulk tissues or histopathological tissue
sections. For cellular RS analysis, it has been demonstrated that RS can provide
biochemical information from live cells at comparable levels of accuracy and sensi-
tivity as established techniques such as magnetic resonance spectroscopy (MRS) and
flow cytometry [60]. Furthermore, RS has an inherent advantage over other biochem-
ical analysis tools by enabling the simultaneous detection of a variety of molecular
structures across proteins (e.g., amino acids, conformational structures), nucleic acids
(DNA and RNA) and lipids (e.g., cholesterol, choline, CHy groups), in a single ac-
quisition. This utility allows complex biochemical changes in cells to be analyzed
simultaneously across different classes of biomolecules rather than analyzing a single
type of molecule (e.g., DNA), or class of molecules (e.g., metabolites), an inherent re-
striction of many established techniques. In addition, RS is very sensitive to changes
in molecular structure, especially the secondary structure of proteins [61]. RS also
has the potential to be applied in vivo with the use of fiber-optic probe technology
[62].

1.3.2 Raman spectroscopy of cells and tissues

The first successful application of RS for single-cell analysis was reported in 1990 [63].
One of the first biomedical applications of modern RS techniques was to investigate
the spatial distribution of the molecular composition of bacteria and other medically

relevant microorganisms [64-67]. In recent years, there has been considerable inter-
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est in applying RS to live cells and tissues for cancer detection and diagnosis. Due
to the complexity of a single biological Raman spectrum, RS is commonly used in
conjunction with multivariate statistical methods such as principal component anal-
ysis (PCA), linear discriminant analysis (LDA) or cluster analysis. RS with the use
of such multivariate methods has been successfully applied to discriminate between
healthy and cancerous skin [68-70], bladder [71] and gastric [72, 73] tissues, and to
aid in the histopathological analysis of prostate cancer [74]. Applying RS and mul-
tivariate methods to the analysis of single cells has shown the ability to distinguish
between healthy and tumourogenic rat fibroblast cells [75], human bone cells [76] and
human epithelial cells from a variety of organs [77]. Similar techniques have been
employed to discriminate between different types of human tumour cell lines from a
mixed sample set [78-80].

The single cell studies mentioned above have focused on the differences in Raman
spectra between different cell types (i.e., healthy vs. tumour, prostate vs. bladder). In
addition, several studies have used RS for analyzing biochemical differences arising
within a population of a single type of cell, which is also a research goal of this
work. One pair of studies detected spectral changes from cell death via apoptosis [81]
and spectral differences between live and dead cells [59], and another pair of studies
detected spectral changes due to cell death via necrosis [82] and spectral differences
between exponentially growing (proliferative) and plateau phase (non-proliferative)
cells [83]. One recent study applied PCA and LDA to Raman spectra of single live
cells to discriminate between cells synchronized in the GO/G1, S and G2/M phases
of the cell cycle, demonstrating RS discrimination of GO/G1 cells from S and G2/M
cells [84].

1.3.3 Raman spectroscopy in radiobiology

Conventional RS techniques, without single-cell spatial resolution, have already had
some success in the field of radiobiology. Both Fourier-transform Raman spectroscopy
and ultraviolet resonance Raman spectroscopy (UVRRS) have been used to investi-
gate radiation induced spectral changes in isolated aqueous DNA [85, 86]. However,
these studies report poor RS sensitivity to radiation damage, as achieving a mea-
surable change in the spectra of isolated DNA using this modality requires very high
doses (hundreds to thousands of Gray), which are well above the levels used in clinical

radiation therapy and well above the levels known to cause over 99.9% mortality in
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a typical in vitro cell culture (figure 1.6a). Other RS studies have detected radiation
induced changes in sodium hyaluronate, an important molecular component of the
extra-cellular matrix in tissues [87], and radiation induced changes in protein and
lipid membranes [61, 88-91]. RS has also been used to investigate the effect of proton
irradiation on both healthy and cancerous human skin samples, and was successful in
demonstrating increased sensitivity to protein damage in cancerous tissues [92]. RS
was also successful in measuring changes in protein levels in mice tissues after irradi-
ation of the brain [93]. A recent clinical RS study successfully discriminated between
responding and non-responding cervical cancers post-irradiation [94], yet made no
conclusions regarding the differences in the biochemical composition between tissues
or the molecular basis for RS discrimination. However, this study does validate the
potential for using RS in clinical implementation.

These previous studies suggest that RS may be useful for investigating the radi-
ation response of human cells and tissues. However, RS has not yet been applied to
study the effects of ionizing radiation on single living cells, which are the primary
experimental source from which radiobiological models are inferred [20]. Radiobio-
logical RS experiments on single cells may shed new light on some of the problems
and questions discussed in section 1.2.4. Additionally, RS investigations of human
tumour cells may break new ground in the attempt to understand differences in tu-
mour radiosensitivity, as discussed in section 1.2.5. Some attractive future clinical
applications of RS techniques are the development of a predictive assay for the radia-
tion response of healthy or tumour tissues, or the development of a method to assess

radiation response during treatment.

1.4 Thesis scope

There are three primary goals of this work: (1) to develop a robust methodology for
RS acquisition and data processing for highly sensitive and specific spectral analysis
of biochemical changes in single human cells, (2) to demonstrate the utility of such
RS techniques for analysis of radiation induced biochemical changes in a human tu-
mour cell line, and (3) to apply RS to investigate the biochemical radiation response
of a panel of human tumour cell lines with varying intrinsic radiosensitivity. The
achievement of these three goals is presented in this work in four parts, each of which
are introduced below.

The first part of this work (chapter 4) validates the development and implementa-
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tion of a novel combination of RS acquisition and data processing techniques, coupled
with principal component analysis (PCA), for biochemical analysis of single human
cells. A representative set of raw data is used to demonstrate the effect of varying
certain processing parameters on the final outcomes and interpretations drawn from
the data. This analysis demonstrates the effectiveness and robustness of the devel-
oped techniques, and serves to identify the potential pitfalls that may arise during
implementation of the required data processing steps.

The second part of this work (chapter 5) applies RS to investigate and charac-
terize the inherent sources of spectral variability in a human prostate tumour cell
line (DU145). The results of RS studies on both asynchronous and synchronous cell
cycle distributions are presented, alongside cell cycle data from flow cytometry, to
identify and characterize spectral variability arising from differences in cell cycle and
in vitro culture conditions. These results provide the basis for interpretation of the
subsequent studies presented in this work.

The third part of this work (chapter 6) demonstrates the RS observation of radia-
tion induced spectral changes in a human tumour cell line (DU145). PCA is shown to
effectively separate spectral variations arising from cell cycle differences (characterized
in chapter 5) from those arising from a biochemical radiation response.

The fourth part of this work (chapter 7) extends the same radiation RS methods
used for the DU145 cell line (chapter 6) to multiple human tumour cell lines derived
from prostate (DU145, PC3, LNCaP and PacMet), breast (MCF7 and MDA-MB-231)
and lung (H460). The cell lines differ by tissue of origin, genetic status and radiosensi-
tivity. This study presents the observation of unique RS radiation response signatures
that correlate with known radiosensitivity parameters (SFs) and segregate according
to pb3 gene status, corroborated by cell cycle analysis post-irradiation. Again, PCA
separates radiation induced spectral changes from other sources of spectral variabil-
ity, such as cell cycle. Candidate radiation response mechanisms affecting radiation
survival are discussed with respect to the biochemical changes observed with RS.
Preliminary results obtained from a mouse prostate tumour cell line (TRAMP-C2),
irradiated both in vitro and in vivo (as solid tumours in mice), are also presented and
discussed.

Before the results of this work are presented, an overview is provided of RS theory
and modern application (chapter 2). This is followed by a brief description of the
materials and methods used throughout this work (chapter 3). The thesis concludes

(chapter 8) with a summary of the key results of the work and a discussion of some
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future efforts planned in this field. Such future efforts include the RS analysis of a
larger panel of tumour cell lines, complementary biochemical experiments to elucidate
the biological nature of the RS observations, and solid tumour irradiation experiments

using human tumour cell lines grown in mice.
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Chapter 2
Raman Spectroscopy

This chapter provides an overview of Raman spectroscopy (RS). A brief history of
the development of RS is presented (section 2.1), followed by a theoretical description
of Raman scattering and molecular vibrations (section 2.2). Next, an overview of the
instrumentation for the application of RS and Raman microscopy (RM) is provided
(section 2.3). Some important considerations that arise when performing RS on bio-
logical samples such as cells and tissues are then discussed (section 2.4). The chapter
concludes with a discussion of the advantages and disadvantages of RS (section 2.5)
and a description of several of the more prevalent modern applications of RS (section
2.6).

2.1 History

The “Raman effect” is the name given to the inelastic scattering of light of optical
wavelengths. The initial theory was published in 1923 by A. Smekal [95]. The Raman
effect was first observed experimentally in 1928 by C. V. Raman and K. S. Krishnan
[96]. Raman and Krishnan used a telescope and a series of optical filters to isolate blue
light from the sun, focus it onto a transparent liquid sample of carbon tetrachloride,
and observe scattered green light [97]. Shortly after this experiment a mercury lamp
was substituted as the incident light source and the apparatus was used to measure
the scattered Raman spectrum of benzene [98]. Benzene was the first molecule to be
analyzed in detail using Raman spectroscopy.

Following Raman’s discovery, efforts were made to improve the excitation source.

Various types of lamps were implemented, using elements such as helium, bismuth,
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lead, zinc and mercury; mercury lamps proved the most effective due to their high
intensity [99-101]. The development and improvement of mercury lamps for Raman
excitation continued until the introduction of lasers in 1962 [102]. Lasers proved to be
excellent Raman excitation sources and are still used in modern Raman applications
due to their high power, ease of collimation and focusing, excellent monochromaticity,
and availability in a range of wavelengths from the ultraviolet (UV) to the infrared
(IR).

A similar technological evolution occurred in the improvement of detection meth-
ods for the Raman scattered light. The first measurements of Raman scattering
were performed using photographic plates, but the need for long integration times
and photographic plate development made this a highly inefficient method. The first
photoelectric Raman systems were developed in the 1940’s and 1950’s using pho-
tomultiplier tubes for light collection, providing a significant increase in detection
sensitivity [103, 104]. However, obtaining a multi-wavelength Raman spectrum with
a single detector is highly inefficient, requiring the user to scan the desired frequency
range and collect signal at each point. Multi-channel detection using photo-diode ar-
rays was introduced in the early 1980’s [105, 106], and was soon followed by detection
using charge-coupled device (CCD) arrays [107, 108]. CCDs are still the detectors of
choice in modern systems due to their low readout noise, high efficiency, and excellent
sensitivity over a wide range of wavelengths.

The advancement of RS into its modern form has also been aided by technolog-
ical improvements in diffraction gratings, monochromator and spectrometer design,
optical filters and many other components. There are many types of RS techniques
currently being utilized in both industry and research, such as Fourier transform (FT)
RS, surface enhanced RS (SERS), fiber-optic RS, UV resonance RS (UVRRS) and
coherent anti-Stokes RS (CARS). Each Raman variant has its own advantages and
disadvantages, depending on the sample being analyzed, but all are currently used

with great success in a variety of scientific disciplines and industrial applications.

2.2 Theory of Raman scattering

2.2.1 Origin of the Raman effect

If a molecule is illuminated with optical photons of frequency vy and energy hiy (h

is Planck’s constant), most of the the light is elastically scattered with no frequency



29

shift (Rayleigh scattering). However, approximately one in every 10° photons [109]
induces a transition between vibrational energy levels of the molecule. This results
in an inelastically scattered photon with frequency v = vy % 1, (Raman scattering),
where v, is the positive difference in vibrational frequency between the initial and
final vibrational states of the molecule. The 1y — v, frequency shift is known as
“Stokes” scattering and occurs when the scattering photon loses energy hv,, as the
molecule is excited to a higher energy vibrational state. The vy + v, shift is known
as “anti-Stokes” scattering and occurs when the scattering photon gains energy hv,,
as the molecule de-excites to a lower energy vibrational state.

In most Raman spectroscopy applications, the energy of the incident photons is
chosen to be less than the energy of the first electronic excited state of the molecule
or molecules of interest. As discussed further below, a molecule at room temperature
most likely exists in its ground vibrational state. When illuminated, the molecule is
excited from its ground state to a virtual excited state, a distorted electron distri-
bution that is highly unstable, and decays almost immediately to either the original
state, in the case of Rayleigh scattering, or an excited vibrational state, in the case
of Stokes Raman scattering (figure 2.1). Anti-Stokes Raman scattering requires the
molecule to initially exist in an excited vibrational state, and arises from the decay

from a virtual excited state to the ground vibrational state (figure 2.1).
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Figure 2.1: Energy level diagram for a molecule irradiated with optical photons of
frequency 1 subject to either elastic Rayleigh scattering, or inelastic Stokes or anti-
Stokes Raman scattering.

The origin of Raman scattering from a molecule can be derived using a classical

model in which the illuminating laser source is expressed as an electric field vector E
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with frequency 1y, oscillating with time as
E = Eq cos 2mt (2.1)

where Eq = (Eo,, Eoy, Eo.) is the electric field amplitude.
If a molecule is placed in the electric field of equation 2.1, the field induces a charge

separation within the molecule that creates an electric dipole moment P, given by
P =oE (2.2)

where the proportionality constant « is called the polarizability of the molecule. Ex-
pressed in matrix form with cartesian coordinates, a becomes a 3x3 polarizability

tensor and equation 2.2 takes the form

P, | = | ape ayy oy E, (2.3)
PZ azl‘ azy aZZ EZ

The polarizability tensor is symmetric for normal Raman scattering, and the molec-
ular vibration will yield Raman scattered photons if any one of the polarizability
tensor’s components is changed during the vibration [110], as shown below.

If the molecular charge separation induced by the electric field causes vibrations
of the atomic nuclei with frequency v,,, then the displacement from the equilibrium

position of the ith nucleus, g;, is written as
¢i = Gio COS 2TV, 1 (2.4)

where g, is the vibrational amplitude of the ith nucleus. For small amplitude vibra-
tions the polarizability « is linear with ¢; and can be expanded about the nuclear

equilibrium position as
Yol

(x:ao—l—(—) gG+... (2.5)
5qz 0

where aq is the equilibrium polarizability, and (da/dq;)e is the rate of change of «
with respect to ¢;, evaluated at the equilibrium position.

If equations 2.1 and 2.5 are substituted into equation 2.2, the induced dipole
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moment becomes

P = aEgcos2myyt

)
= opEqcos 2wyt + (6_04) q:Eq cos 2Tt (2.6)
0

)

and using equation 2.4 for ¢;, equation 2.6 becomes

)

P = ayEq cos 2myt + <5_oz) qioEo cos(2mpt) cos(2my,t) (2.7)
q; 0

Finally, making use of the trigonometric identity 2 cos x cos y = cos(x —y)+cos(z+y),

equation 2.7 becomes

P = oyEq cos 2miyt + % (g—:)OQioEo[COS{QW(Vo — Um)t} + cos{2m(vy + vt} (2.8)
Classical electrodynamics predicts that the first term in equation 2.8 describes
an oscillating dipole that radiates light of frequency vy, corresponding to Rayleigh
scattering. Likewise, the second term describes the radiation of frequencies vy —
Um, corresponding to Stokes Raman scattering, and vy + v,,, corresponding to anti-
Stokes Raman scattering. However, if (da/dq;)o is zero (i.e., the polarizability tensor
(equation 2.3) is unchanged with displacement of the nuclei) the molecular vibration
is not Raman-active and does not produce any Raman scattering. A discussion of
Raman-active and Raman-inactive vibrations is provided in section 2.2.3.

A misleading aspect of equation 2.8 is that it predicts equal contributions from
Stokes (vp — vy,) and anti-Stokes (v + v,) scattering. Experimental observations
show that Stokes scattering is the dominant process. This is explained by the relative
population of the vibrational states depicted in figure 2.1. The population ratio of
an excited vibrational state (n) to a lower vibrational state (m) is determined by the
Boltzmann distribution

n_ 9 e~ (BEn—En)/kT (2.9)

Pr  9m
where E, — FE,, is the energy difference between the two states, k£ is Boltzmann’s
constant, 7' is the absolute temperature, and g is the degeneracy of a vibrational level.
Therefore, as the temperature increases or the energy gap between levels m and n
decreases, the fraction of molecules in the higher vibrational energy state increases,

leading to a larger anti-Stokes effect. However, for most biological molecules and
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bond types (E; — Ey = 400 — 4000 cm™!) at room temperature (k7 ~ 200 cm™!)
the population primarily exists in the ground vibrational state (P, /P, ratio between
~ 1x107" and ~ 2x107?), leading to a much stronger Stokes contribution [110]. Most
Raman applications, with the exception of coherent anti-Stokes Raman spectroscopy
(CARS), exclusively measure Stokes scattering; likewise in this work the anti-Stokes

contributions are not considered.

2.2.2 Intensity of Raman scattering

An expression for the intensity of Raman scattering requires a quantum mechanical
approach, which accounts for the discretization of vibrational states and describes
the relationship between molecular properties and Raman scattering [109]. The full
details are found elsewhere [109-111], and only a brief discussion is presented here.
The intensity of Stokes scattered radiation for a transition from a vibrational state

m to a vibrational state n of higher energy can be expressed as

L = C Iy (Vg = Vinn)* > 1(@po )l (2.10)
po

where C'is a constant, I is the incident laser intensity, v,,, is the frequency difference
between vibrational states m and n, and (®ps)ms is the change in the polarizability
tensor component a,, (p and o designate the spatial coordinates z, y and z, as
in equation 2.3) resulting from the molecular transition from state m to a virtual
excited state and then to state n. An important aspect of equation 2.10 for the
experimental Raman spectroscopist is that the scattered intensity is proportional
both to the incident laser intensity, Iy, and to the fourth power of the frequency of the
scattered Raman radiation, vy — v,,,. Since the incident laser frequency is adjustable
and the frequency differences between vibrational states remain constant (a property
of the molecule), the intensity of Raman scattering is essentially proportional to
the fourth power of the incident laser frequency, vy. Therefore, a high-power, high-
frequency laser will increase the intensity of Raman scattering.

The magnitude of the polarizability terms in equation 2.10 (i.e., the set of (@5 )mn
for all p, o) determines the inherent Raman scattering intensity of a given transition.

These polarizability terms are given by the Kramer Heisenberg Dirac (KHD) expres-
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sion

pa

(v |,Up|qj HWe|tto| W) <\Ije|ﬂp|\pm><\pn|ﬂa|\1’e>
2.11
hz( m — Vo — 1l + Vep, + 19 — 2L ( )

where e denotes a vibrational level of an excited electronic state (recall figure 2.1),
Vem and v,, are the frequencies corresponding to the energy differences between the
subscripted states, and I, is a small term (relative to the other frequencies in the
denominators of equation 2.11) that is related to the lifetime of the excited state
and determines the natural width of Raman spectral lines [109]. The integrals in the
numerators of equation 2.11 (e.g., (V,|u,|V.)) are the electric transition moments
between the subscripted states, where ¥ is the total wavefunction of the subscripted
state and g is the electric dipole moment operator along the coordinate specified by p,
o [109, 110]. These integrals represent the mixing of a ground electronic vibrational
state (¥, or ¥,) with an excited electronic vibrational state (¥.). The first term
in equation 2.11 corresponds to the excitation from state W, to state ¥, via the
integral (V.|uy|¥,y,), followed by the decay from state ¥, to state ¥,, via the integral
(Wp|pp|We). Since the molecule may initially exist in the excited electronic state
U, the second term in equation 2.11 accounts for the reverse process, returning the
molecule to the state ¥,. However, since the denominator of the second term will
always be large relative to the denominator of the first term (since i[', is small relative
t0 Vemn £ 1), the first term in equation 2.11 dominates in Raman scattering [109].
To determine the total change in the polarizability tensor component for a given m
to n transition ((ays)mn), both terms in equation 2.11 are summed over all excited
vibrational states e to describe the distorted electron configuration (i.e., the virtual
state in figure 2.1) resulting from the interaction of the excitation source (frequency
) and the molecule. The sum of the squares of all (®ps)ms over each component
of the polarizability tensor (equation 2.3) finally determines the inherent Raman
intensity (equation 2.10) of a given vibrational state transition.

Further analysis of the first term of the KHD expression allows for an explanation
of two important results, each of which are only briefly discussed here as the full
treatment is available elsewhere [109-111]. The first phenomenon relates to resonance
Raman scattering, which can result in a factor of 10® to 10° increase in Raman
scattering intensity I,,,. If the excitation frequency 14 is tuned to the transition
frequency v, to the excited electronic state, the denominator of the first term in

equation 2.11 approaches iI'. (a very small term), resulting in a large increase in
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(e )mn and subsequently I,,,,,. The second point provides a mathematical explanation
of the quantum mechanical selection rules for normal Raman scattering. If the total
wavefunctions W are separated into electronic, vibrational and rotational component
functions and the electronic component is expanded about the equilibrium nuclear
position, equation 2.11 becomes an expression dependent on integrals, describing
vibrational state transitions, that are only non-zero if there is only one quantum of
energy difference between the initial and final vibrational states (i.e., m —n = +1)
[109]. This result selects the transitions between vibrational states that will result
in a change in the polarizability tensor component «,,, and therefore yield Raman
scattering.

Evaluating the KHD expression for a given vibrational transition of a polyatomic
molecule can be computationally intensive, and requires knowledge of the wavefunc-
tions of all of the vibrational states involved (i.e., ¥,,, ¥,,, and all ¥,). However, for
relatively simple molecules, analysis of molecular normal mode vibrations (discussed
below) can provide useful insight into Raman scattering and the determination of the

Raman activity of vibrational transitions.

2.2.3 Molecular vibrations and Raman activity

The vibration of a polyatomic molecule can be very complicated. However, any
vibration can be broken down into an orthogonal set of normal mode vibrations
that oscillate independent of each other, and usually with a unique frequency. A
complicated vibration pattern can then be expressed as a superposition of the normal
mode vibrations; it is these normal mode frequencies that are detected by a Raman
spectroscopy instrument, provided that the normal mode vibration is Raman-active.
The number of normal modes depends on both the number of atoms in the molecule
and the geometry of the molecule.

Each normal mode is a unique vibrational degree of freedom (DOF) for the
molecule. An N-atom molecule has 3N DOF of motion, since any atom can move in
any of the three independent directions x, y, and z. However, 3V includes three trans-
lational DOF for the molecule as a single unit, and three rotational DOF about the
principal axes running through the molecule’s centre of mass. For a linear molecule,
there is no rotation about the molecular axis, so there are only two rotational DOF.
As such, the number of normal mode vibrations is equal to 3N — 6 for an arbitrary

molecule, and 3N — 5 for a linear molecule. Carbon dioxide (CO,), for example, is a
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linear triatomic molecule, and therefore has 3 x 3 — 5 = 4 normal mode vibrations.
It is common practice in vibrational spectroscopy to assign descriptive names
to the various types of normal mode vibrations. As an example, the normal mode
vibrations of CO, consist of one symmetric stretching mode (figure 2.2a), two bending
or deformation modes (figure 2.2b), and one antisymmetric stretching mode (figure
2.2¢). The only difference between the two bending modes (figure 2.2b) is that their
planes of oscillation are perpendicular to each other. As such the two modes have the

same vibrational frequency and are called doubly degenerate modes.
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Figure 2.2: (a)-(c) Normal mode vibrations of the COs molecule (O=C=0). In (b),
+ and — indicate motion in and out of the page, respectively. (d) Symmetric ring
breathing of benzene (Cg¢Hg). Reproduced from Quinn Matthews’ M.Sc. thesis [28].

For more complicated molecules (i.e., N > 3), the normal modes become increas-
ingly complex. However, a simple example of a large N molecule normal mode is
the symmetric ring breathing mode of an aromatic ring, such as the one in benzene
(CgHg) (figure 2.2d). Aromatic ring breathing modes typically yield intense Raman
scattering and are often easily observed in chemical and biological Raman applica-
tions.

Not all normal mode vibrations produce Raman scattered photons. As discussed
in section 2.2.1, a vibration is only Raman-active if there is a change in polarizability
with a small nuclear displacement from the equilibrium position (i.e., (da/dg;)g # 0
in equation 2.8). As an example, consider the normal mode vibrations of CO,. Due
to the molecular geometry, the polarizability is not the same in all directions from the
centre of mass of the molecule. For CO the electrons are most polarizable (highest
a) along the molecular axis, and are least polarizable perpendicular to the molecular

axis. Plotting 1/+/a (by convention [110]) in all directions from the centre of mass of
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the molecule creates a polarizability ellipsoid. If the size, shape or orientation of the
ellipsoid is changing at the equilibrium position during the normal mode vibration,
then the vibration is Raman-active. The changes of the polarizability ellipsoid for

the three types of vibrations of COy are depicted in figure 2.3.
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Figure 2.3: Changes in polarizability ellipsoids during normal mode vibrations of
COy: (a) symmetric stretch is Raman-active, (b) bending or deformation is Raman-
inactive, and (c) antisymmetric stretch is Raman-inactive. Reproduced from Quinn
Matthews’ M.Sc. thesis [28].

The symmetric stretching mode of CO, (figure 2.3a) is Raman-active, as the
size of the polarizability ellipsoid is changing at the equilibrium position (getting
larger or smaller); therefore (0a/dg;)o # 0. The bending or deformation mode (figure
2.3b) is Raman-inactive because the shape of the ellipsoid is the same on each side
of the equilibrium position. Therefore, considering only small displacements at the
equilibrium, (da/dq;)o = 0. For the antisymmetric stretching mode (figure 2.3¢), even
though the size of the ellipsoid changes, the vibration is Raman-inactive because,
again, the shape of the ellipsoid is the same on each side of the equilibrium position,
and therefore (dar/dq;)o = 0.

Although useful for simple molecules, this method of determining Raman activ-
ity or inactivity by inspection of the normal modes is difficult to apply to large or
complex molecules. However, one useful result of such analysis is that for molecules
that have a centre of symmetry (e.g., COs, benzene), symmetric normal mode vi-

brations are always Raman-active. Examples of such vibrations are the symmetric
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stretching of CO (figure 2.2a) and the symmetric ring breathing of benzene (figure
2.2d). Conversely, antisymmetric normal mode vibrations in such molecules are al-
ways Raman-inactive. Examples of such vibrations are the bending or deformation
mode and the antisymmetric stretching mode of COs (figures 2.2b and 2.2¢). These
conditions do not apply to molecules without a centre of symmetry (e.g., HyO), but
in general, for any given molecule, symmetric normal mode vibrations are typically

more intense in Raman scattering than antisymmetric vibrations [109].

2.3 Raman spectroscopy instrumentation

2.3.1 Raman shift

When measuring the frequencies of Raman scattered light, it is a universal convention
to record the wavenumber, v = 1/, rather than the frequency, v. Wavenumber is
commonly expressed in units of cm~!. Since in Raman spectroscopy it is the change
in wavenumber from that of the excitation source that is of interest, the measured

Raman signal is expressed as a “Raman shift”, given by

Raman shift = )\io - % = U—CO — % =0 —v (ecm™) (2.12)
where \g, vy and vy correspond to the incident light and A, v and v correspond to the
Raman scattered light. Since AE = hAwv, equation 2.12 shows that the Raman shift
is proportional to the change in energy between the incident and Raman scattered
light, and is thus proportional to the energy of the vibrational transition (recall figure
2.1). When creating a Raman spectrum, the Raman scattered light is dispersed by
a spectrometer (discussed below, section 2.3.3) and captured on a CCD (discussed
below, section 2.3.4), and the measured intensities are plotted against the Raman

shift in wavenumbers.

2.3.2 Raman spectroscopy apparatus

The basic equipment and set-up of a typical RS apparatus is shown in figure 1.7a. A
laser beam illuminates the sample and the Raman scattered light is collected and col-
limated by an objective lens. The Raman light is focused into a spectrometer, which

disperses the light and focuses it onto a CCD detector. The general principles of light
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dispersion in a spectrometer and light collection at a CCD detector are presented be-
low in sections 2.3.3 and 2.3.4, respectively. General requirements and considerations
for performing Raman microscopy are discussed in section 2.3.5. Details specific to

the Raman system used in this work are presented in chapter 3.

2.3.3 Light dispersion

Once the Raman scattered light has been collected from the sample, the different
scattered wavenumbers must be separated to record the full spectrum of information.
In most modern Raman systems this is done using a dispersive spectrometer with a
diffraction grating, with the exception being Fourier-transform Raman systems, which
use infrared excitation (typically 1064 nm, rendering them impractical for Raman
microscopy systems) and an interferometric approach to spectrum generation [112].
There are many different dispersive spectrometer designs in use, depending on the
excitation wavelength, the type of RS being performed, and the spatial and spectral
resolution requirements of the user. The dispersive spectrometer shown in figure 2.4
is a variation on a common design (single grating Czerny-Turner spectrometer [112]),
and is the spectrometer design in the Raman microscope used in this work. The
collected Raman scattered light, composed of a mixture of wavenumbers (e.g., vy,
Vg, U3), is focused through the entrance slit of the spectrometer (recall figure 1.7a),
passed through a collimating lens, and reflected by a plane mirror onto a diffraction
grating. The diffraction grating reflects the light at different angles depending on the
wavelength, and the dispersed light is reflected by another plane mirror through a
focusing lens onto the exit focal plane. In this manner, each wavenumber contained
in the Raman scattered light that passes through the entrance slit is focused to a
different point along the length of the exit focal plane (figure 2.4).

The extent to which the light is spread across the exit focal plane of a spectrometer
is described by the reciprocal linear dispersion, defined as the range of wavelengths or
wavenumbers contained within a unit length of the focal plane. Reciprocal linear dis-
persion is commonly expressed in units of nm/mm if using wavelength, or cm~!/mm

if using wavenumber. In terms of wavelength, the reciprocal linear dispersion is given

by
@_106~0080
dc  n-l-F

where n is the diffraction order, [ is the line density of the grating in lines per mm

(2.13)

(lines/mm), F' is the exit focal length of the spectrometer in mm, and 6 is the angle
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Figure 2.4: Design of the dispersive spectrometer used in this work. Light rays
composed of a mixture of wavenumbers (e.g., U, U9, 03) are dispersed by a diffraction
grating and focused onto the exit focal plane.

of the diffracted light leaving the grating [112, 113]. Equation 2.13 can be expressed

in terms of wavenumber by using

d\ _d(1/v) -1 dv

R — L 2.14
dx dx 2 dx ( )
and therefore
@__@2 d\  10°-cosf - v° (2.15)
dr dr n-l-F ‘

Therefore, the reciprocal linear dispersion in cm™!/mm varies with the square of the
wavenumber of the scattered Raman light, which leads to a non-linear relationship
between wavenumber and unit length at the focal plane. An instrument with a higher
linear dispersion (or conversely a lower reciprocal linear dispersion dv/dz) will spread
a given wavenumber range over a greater length of the focal plane, and will therefore
more easily resolve fine spectral details. Such an instrument will therefore have better
spectral resolution than an instrument with low linear dispersion (high dv/dz). Spec-
tral resolution is defined as the minimum separation between two spectral features
that can be clearly resolved, and modern Raman systems achieve spectral resolu-
tions on the order of ~2 cm™! [112]. Methods for determining spectral resolution
experimentally are described elsewhere [28].

In all Raman systems there is a practical limitation to the physical size of the
focal plane (e.g., width of the CCD detector, typically ~1 to 3 cm). Therefore,
there is a limited wavenumber range, or “spectral window”, that can be measured

in a single acquisition. The size of the spectral window can be increased at the
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expense of the linear dispersion by decreasing either the grating line density [ or
the focal length F' (equations 2.13 and 2.15), but this may be undesirable due to
the decreased ability to resolve spectral details. A common technique used to avoid
this limitation is to select for a desired spectral window by rotating the diffraction
grating such that only the diffracted light from the desired window is incident on
the focal plane of the spectrometer. This method requires the collection of multiple
spectra at different grating angles to cover a larger wavenumber range, but does not
sacrifice the spectral resolution of the system. Some modern Raman systems employ
continuous scanning techniques, which eliminate the need for multiple acquisitions
to cover a large wavenumber range without sacrificing spectral resolution [114]; one
such method is Renishaw’s SynchroScan technique (Renishaw Inc., [llinois, IL, USA),
which is used in this work and is described in chapter 3. Modern Raman systems will
span a spectral window anywhere from ~100 cm ™! to over 4000 cm ™! wide, depending

on the system configuration [112].

2.3.4 Light detection and Raman spectrum creation

The current method for detecting the dispersed light output from the spectrometer is
to use a charge-coupled device (CCD). CCDs are two-dimensional (2D) optical arrays
of photosensitive diodes, usually composed of a silicon-metal-oxide semiconductor
[107, 108]. Small metal pads are deposited on each photosensitive “pixel” (array
element) and kept at a positive potential; each is connected via a diode to a grid circuit
that defines the CCD array dimensions. When photons interact with a photosensitive
element, photoelectrons are produced and are attracted to the nearest metal pad.
The number of photoelectrons collected at the pad is therefore proportional to both
the intensity of the incoming light and the acquisition time (the amount of time
the photosensitive element is exposed). After each acquisition, the charge collected
(i.e., the accumulation of photoelectrons) at each pad is read out pixel-by-pixel by
sequentially shifting the charges from one row (or column) to the next as the charges
from the row (or column) at the edge of the array are read out. The charge measured
at each pixel is converted to an analog voltage, passed through an amplifier, and
digitized by an analog-to-digital converter. The digital output allows a 2D image to
be created where each pixel value is proportional to the light intensity incident on
the corresponding CCD element.

The CCD detector array is placed at the focal plane of the spectrometer (figure 2.4)
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such that the long axis of the CCD is parallel with the direction of linear dispersion.
A typical arrangement is depicted in figure 2.5, using the three wavenumbers oy,
Uy and v3 shown in figure 2.4. Typically, the height of the dispersed focal spot
on the CCD, in the direction perpendicular to the dispersion axis, is greater than
the size of a single pixel (e.g., ~0.02 mm). This is illustrated in figure 2.5, where
each wavenumber, represented by a single distinct colour, is incident on six vertical
pixels in each column. To generate a Raman spectrum of maximum signal intensity,
the signal from the six pixels in each column are summated, or “binned”, into a
single measurement of intensity for that wavenumber. This selective binning practice
serves to maximize the intensity of the Raman scattering at each wavenumber, while

minimizing the CCD readout noise from pixels outside of the illuminated area.
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Figure 2.5: The arrangement of a CCD detector array placed at the focal plane of
the spectrometer shown in figure 2.4, showing the alignment of the dispersion and
binning axes with the CCD pixel grid. A typical pixel size is indicated.

There are two primary sources of CCD noise that contribute to the measured sig-
nal. Heat produces electrons in the photosensitive element that are indistinguishable
from the photoelectrons produced by incident light, thus creating thermal noise, or
“dark current”. Thermal noise can be problematic for long acquisition times, but can
generally be reduced to a negligible level by cooling the CCD detector, either ther-
moelectrically or with external coolants such as liquid nitrogen, to temperatures well
below freezing (e.g., —60 °C to —120 °C). Reading out the collected charges from the
CCD also contributes noise, as a result of electrons produced while shifting charges

from pixel-to-pixel and noise introduced during amplification and digitization. This
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“readout noise” is independent of acquisition time, and for most Raman applications
the signals detected are of much higher intensity than the readout noise level. Read-
out noise is generally much stronger than thermal noise for sufficiently cooled modern
Raman systems, and can become problematic if the Raman signals are very weak. If
necessary, post-processing techniques such as averaging and smoothing can be applied
to reduce CCD noise.

The final Raman spectrum (e.g., figure 1.7b) is generated by plotting the binned
intensities (figure 2.5) against the known Raman shift corresponding to the position
of each pixel along the dispersion axis of the CCD. Typically, the known Raman
shifts across the CCD are calibrated by a sample with an accurately known Raman

spectrum, such as tylenol or silicon [112].

2.3.5 Raman microscopy

Transforming a conventional Raman spectroscopy apparatus (figure 1.7a) into an
effective Raman microscopy (RM) system requires the addition of a high degree of
spatial localization of the Raman signal. In practice this is technically demanding, as
the dimensions of the sample can be as small as a few microns across and less than
a micron thick. The inherently weak signal in RS requires the use of a high-powered
microscope objective to focus the incident laser beam to a very small spot in order to
ensure efficient production and collection of the Raman signal, while not overheating
the sample. In addition, to properly localize the point of Raman collection, a precisely
controlled microscope stage with micron-scale stepping resolution is typically used.

Most RM systems couple the excitation laser into an upright microscope and
collect the Raman scattered photons with the same objective that focuses the laser
onto the sample in a 180° backscatter orientation (figure 2.6). This geometry is the
most efficient method of Raman collection for thin, opaque samples, as it minimizes
the loss of signal due to attenuation in the sample or substrate. It also allows the
use of high-power objectives, which must be brought very close to the sample (e.g.,
0.2 — 0.4 mm) for proper focus. In a 180° backscatter geometry, the Raman and
Rayleigh backscattered light follow the same beam path as the incident laser. Optical
filters remove the Rayleigh scattered light and pass the Raman scattered light to the
spectrometer (figure 2.6).

Another important aspect of a RM system is confocal discrimination. The term

confocal refers to the principle axis of an imaging system, which for RM is the axis
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Figure 2.6: General schematic of the light path for a typical RM system using a 180°
backscatter collection geometry.

along which both the incident laser and the collected signal traverse (see figure 2.6).
Confocal microscopy involves placing a small spatial aperture (such as a pinhole or
series of slits) at the focus of any conjugate image plane on the principle axis, after
the signal has been collected but before the signal is recorded (figure 2.7). In RM
systems the confocal aperture is usually placed after the Rayleigh filter and before
the spectrometer. The confocal aperture serves to reject signals originating from an
out-of-focus or off-axis region of the sample or RM system. Such unwanted signals
could be stray light, scattered signals from outside the focal volume, or signals from
a sample substrate. A smaller confocal aperture increases confocal resolution (i.e.,
the depth selectivity in the sample) and reduces unwanted signals, but if the aperture
is too small it may decrease the amount of Raman signal collected from the desired
target. RM systems typically employ confocal apertures ranging from 10-200 pm in
diameter.

The choice of microscope objective is essential for RM. The glass components
in the objective must be of high optical quality to minimize fluorescence. In most
RM systems the objectives used are infinity-corrected, so that a perfectly collimated
light source (i.e., an ideal laser, focused at infinity) incident on the back aperture of
the objective is focused to a diffraction limited spot. The dimensions of the focused
laser spot greatly affect the collection efficiency and spatial and confocal resolutions
of the system, and depend on the characteristics of both the incident laser and the
objective. The most important specification of an objective for RM is the numerical
aperture (NA), which is defined as NA = n - sina, where n is the refractive index of
the immersion medium, and « is the half-angle of the maximum light cone collected

by the objective (figure 2.8). Since g = 90°, NA is always < 1 for dry objectives
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Figure 2.7: Principle of confocal Raman microscopy. Signals originating from an
out-of-focus or off-axis position such as a substrate (dotted rays) are rejected by the
confocal aperture, whereas signals from the desired sampling volume (solid rays) pass
through the aperture to the spectrometer.

(no immersion, n = 1.00).
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Figure 2.8: Example of numerical apertures (NA) calculated for two microscope ob-
jectives, using NA = n - sinq, in air (n = 1.00). Reproduced from Quinn Matthews’
M.Sc. thesis [28].

The NA of an objective determines its collection efficiency, given by the solid angle
intercepted by the objective 2 = 27(1 —cos a/). Since the maximum value for « is 90°,
the maximum solid angle €2 is 27, resulting in a maximum efficiency of 50% (27 /4,
where 47 is the solid angle subtended by a complete sphere). A higher NA objective
is more efficient at collecting Raman scattering but also excites a smaller volume of
the sample (shown below). Therefore, optimizing signal strength depends on both
the properties of the objective and the dimensions of the sample.

The minimum width of the focused laser spot depends on the NA of the focusing
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objective and the laser wavelength, and can be approximated using the formula [115]

8_0.61->\
~ NA

(2.16)

The height of the laser spot along the beam axis is often called the depth-of-focus
(DOF), and can be approximated by [115]

DOF = %—A)z\ (2.17)
Equations 2.16 and 2.17 are working formulas derived using wave optics [115], and
are only valid for perfectly collimated lasers that are perfectly aligned with the back
aperture of a high NA objective. This scenario is never achieved in practice due to
laser beam divergence (~4 milliradians for the 785 nm laser used in this work, but
highly dependent on laser model and wavelength) or optical misalignments, but the
formulas are useful to demonstrate how the choice of microscope objective affects the
size of the Raman excitation and collection volume. Maximum spatial and confocal
resolution is achieved with the smallest possible focused spot, and therefore is achieved
with a high NA objective and a short wavelength laser, aided by a small confocal
aperture (recall figure 2.7). RM systems using high NA (0.7-1.3) objectives and laser
wavelengths in the 500 — 650 nm range can achieve a spatial resolution as low as 0.5

pm, and a confocal resolution as low as 2-3 pm.

2.4 Raman spectroscopy of cells

There are several unique considerations to address when performing RS on cells or
tissues. The most important considerations are (1) the choice of laser wavelength and
power, (2) the spatial and confocal resolution requirements, (3) the spectral resolu-
tion requirements and spectral window(s) of interest, and (4) the choice of substrate
material. The specific materials and methods used to address these considerations in

this work are presented in chapter 3.

2.4.1 Laser wavelength and laser power

The choice of laser wavelength and power is vital when performing RS analysis of cells.
A higher laser power yields a higher laser intensity at the sample, and the intensity

of Raman scattering is proportional to both the intensity of the laser and the fourth
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power of the laser frequency (recall equation 2.10). Therefore, a high power, short
wavelength laser generates the strongest Raman scattering. However, two factors that
mediate the choice of wavelength and power are biological fluorescence and sample
photodamage.

Biological fluorescence can mask weak Raman signals, but is significantly reduced
when using long visible or near-infrared wavelengths (i.e., > 650 nm) [110, 116]. The
least amount of fluorescence induced by laser light in the visible spectrum occurs
for near-infrared wavelengths (i.e., > 700 nm). The reduction in fluorescence at
these wavelengths comes with an undesirable reduction in Raman scattering intensity
compared to shorter wavelengths (i.e., 450 - 650 nm), but allows for longer acquisition
times and the detection of weaker Raman signals. This effect was reported by Schuster
et. al. [65] during analysis of single bacteria cells, where Raman signals collected using
514 nm excitation were dominated by fluorescence, yet at 632.8 nm excitation the
Raman signals were clearly detected above a much reduced fluorescent background
signal. 783 nm excitation produced the least fluorescence, but no biological Raman
signals were observed due to insufficient laser power density and signal collection
efficiency [65].

Laser-induced photodamage can be determined experimentally by observing a
changing Raman signal as a function of illumination time. Several studies have shown
that for short visible wavelengths such as 488 nm and 514 nm, photodamage to cells
and chromosomes is observed after only a few minutes for laser powers at the sample
of <10 mW [57, 58, 117]. It should be noted that the power density (e.g., in units of
mW /um?3) at the sample is really the limiting factor (as opposed to power in mW),
and local damage to the sample from heat and 2-photon processes may be caused if
the power density is too high; however, power density is often not reported in the
literature. The photodamage observed with < 10 mW of 488 nm and 514 nm light
was attributed to photochemical reactions, as the laser powers used were deemed
much too low to induce any sample heating [57]. The same effect is not observed for
660 nm, where cells were reported to survive for up to 20 minutes at 25 mW laser
power. Furthermore, it has been shown that even longer wavelengths allow the use of
much higher powers and longer acquisition times, as cells examined at 785 nm exhibit
no spectral changes even after 40 minutes at 115 mW laser power [58]. Cells have
also been analyzed at 830 nm at over 100 mW laser power for 20 seconds [79]. These
results suggest that the best range of laser wavelengths for single cell RS applications

is 785 - 830 nm, which is also a desirable wavelength range for minimizing the effect
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of biological fluorescence.

2.4.2 Spatial and confocal resolution

The spatial and confocal resolution of a RS system should be chosen carefully depend-
ing on the application. For investigating the interior structures of a single cell adhered
to a growth substrate (where cells are typically 10-50 pum in diameter and 1-5 pm
thick), a spatial resolution on the order of 1 pm is desirable. In this case, the confocal
resolution should be on the order of the cell’s thickness to maximize the efficiency
of signal collection at the point of acquisition, as adherent cells are usually “splayed
out” on the substrate and therefore have very little structural variation with depth at
a given point. However, for acquiring a single representative Raman spectrum from
an entire cell, either from a suspension or from a pellet where cells assume a roughly
spherical shape (diameter ~10 pum), the spatial and confocal resolution should be on

the order of the dimensions of the cell.

2.4.3 Spectral windows and spectral resolution

There are two primary spectral windows of interest for RS of cells: a low wavenum-
ber window, ~600 - 1800 cm ™!, which contains abundant spectral information from
proteins, lipids, nucleic acids and carbohydrates [59, 65, 66, 75, 79, 81, 92, 118-121],
and a high wavenumber window, ~2700 - 3100 cm~!, dominated primarily by con-
tributions from CH stretching in proteins and lipids [75, 92, 119-121]. To date, the
smallest spectral separation, as reported in the literature, between two distinct Ra-
man peaks in either of these spectral windows is 6 cm™! [59]. Therefore, to facilitate
the detection of as many Raman features as possible, the spectral resolution of the

RS system used for cellular analysis should be < 6 cm™!.

2.4.4 Substrate material

The substrate material chosen should be transparent to the incident laser light in
order to minimize the contribution from reflected or scattered light originating from
outside the desired focal volume. A further consideration is that the substrate itself
must be relatively Raman inert in the two primary spectral windows of interest for
biological RS, discussed above. Two common sources of substrate background signal

are unwanted Raman signals, and fluorescence caused by the incident laser exciting
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the substrate material. Background signal from substrates is a recurring problem in
Raman spectroscopy, and can be corrected for by various baseline subtraction methods
[122] as long as the background features are broad and reproducible. However, as
biological Raman signals are quite weak, a very low background signal from the
substrate is nonetheless desirable. Several different substrates have been investigated
for RS analysis of single cells, such as calcium fluoride [65, 120], barium fluoride [123],

and low-fluorescence quartz [65, 119].

2.5 Advantages and disadvantages of Raman spec-

troscopy

2.5.1 General advantages

Applications of RS are found in a wide range of disciplines, some of which are men-
tioned below in section 2.6. The main strength of RS is the ability to obtain measure-
ments of molecular composition, structure and dynamics, while working with optical
wavelengths. Virtually any type of sample can be analyzed (provided the induced
molecular vibrations are Raman-active), whether it be solid, liquid, gas or vapour.
Aqueous molecules and biological specimens requiring water immersion can be ana-
lyzed with RS due to the very weak Raman signals from water. The presence of water
is a major drawback to infrared (IR) absorption spectroscopy due to the high opacity
of water in the IR spectrum. RS is also noninvasive and nondestructive for most sam-
ples, provided that the laser wavelength and power are chosen with care, the sample
illumination time is properly considered, and undue sample heating is avoided. Most
RS applications require minimal sample preparation. In addition, modern optics and
lasers incorporated into a Raman microscopy system (figure 2.6) allow for spatial and
confocal resolutions on the sub-micron to micron scale. Finally, Raman vibrations
typically yield sharp, discrete signals, inherently providing a high level of spectral

resolution compared to fluorescence-based analysis methods [110].

2.5.2 General disadvantages

The primary limitations of RS arise from the inherently weak Raman effect, as com-
pared to, for example, fluorescence. As such, many Raman experiments require long

integration times to achieve a sufficient signal-to-noise ratio (SNR). The detection
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of Raman signals often competes with fluorescence or unwanted Raman signals from
substrates, sample containers, optical components in the Raman system, or other
substances or impurities in the sample itself. Fluorescence spectra are broad and
continuous, and contain little information about the vibrational state of a molecule.
Due to the inherently higher intensity, fluorescence signals can swamp Raman signals

if the respective spectral windows overlap.

2.5.3 General considerations for biological samples

RS has unique advantages and disadvantages for investigating biological samples.
The advantages of RS for biomedical applications were discussed in section 1.3.1, and
these aspects also apply to many other biological samples. One disadvantage is that
biological RS signals rarely originate from a single type of molecule, resulting in poor
inherent molecular specificity as compared to other established biological analysis
techniques (further discussed in section 2.5.4 below). Other disadvantages of RS for
biological analysis are the inherently weak intensity of biological Raman scattering,
often necessitating long integration times, and the competition with fluorescence from
biological materials, optical components, and sample substrates or containers. How-
ever, the use of high-power excitation lasers, low-fluorescence optics and substrates,
confocal microscopy systems and baseline removal methods [122] can alleviate these
difficulties.

One important aspect of biological RS is that the spectra obtained are often
very complicated. Spectra from complex biological samples (i.e., cells or tissues)
contain many overlapping spectral features that originate from different classes of
biomolecules (e.g., figure 1.7b). As such, it can be difficult to interpret the biological
nature of changes in spectra from a given sample, or the biological reason for any dif-
ferences in spectra between samples. However, this very difficulty arises because there
are spectral features from many different biomolecules, which potentially allows for
the simultaneous analysis of many different biomolecule types at once. Multivariate
analysis techniques, such as principal component analysis (PCA), linear discriminant
analysis (LDA) or cluster analysis, can aid in the interpretation of large biological
RS data sets [68-80, 84]. Such techniques can potentially capitalize on this spectral

complexity, and can significantly aid in the interpretation of biological RS results.
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2.5.4 Comparisons with established molecular analysis tech-

niques for cells or tissues

RS has specific advantages and disadvantages as compared to established molecular
analysis techniques for cells or tissues, such as flow cytometry, positron emission
tomography (PET) and magnetic resonance spectroscopy (MRS). A brief discussion
of each of these techniques, with respect to the capability for molecular analysis of cells
or tissues, relative to RS, is provided below. A general comparison of the attributes

of each technique is included at the end of this section in table 2.1.

Flow cytometry

Flow cytometry, described in section 1.2.1 with respect to cell cycle analysis, involves
treating cells in suspension with a fluorescent label that binds to a biomolecule of
interest. The cell suspension is passed through a single-cell wide capillary and illu-
minated with an excitation laser, and a photo-multiplier tube records the fluorescent
intensity from each cell, which is proportional to the content of the labelled molecule
in a cell. These labels can be specific to a certain type of molecule (e.g., just DNA
or RNA [18]) or specific to a broad class of molecules (e.g., all proteins [17] or all
lipids [60]). Using a flow cytometer with multiple excitation lasers (up to 4 in modern
systems), cells can be treated with multiple labels for the simultaneous analysis of
relative amounts of different molecules, provided that the fluorescent emission spectra
of the multiple labels do not overlap.

The primary advantage of flow cytometry compared to RS is that thousands of
cells can be analyzed per second, allowing for very fast screening of a large population
of cells. Furthermore, fluorescent labels can be very specific to a certain molecule,
allowing for molecular specificity and sensitivity at small concentrations unachievable
with standard RS techniques. However, flow cytometry is limited by the number
of fluorescent labels that can be used at once (i.e., the number of excitation lasers
available), and by the ability to simultaneously resolve several distinct fluorescence
emission spectra [17]. Flow cytometry also requires a suspension of cells, and therefore
cannot be applied in vivo, or applied directly to excised (ex vivo) tissue samples
without further extraction of a single cell suspension. Often flow cytometry requires
pre-treating the cells in order to permeate the cell membrane (thus killing the cell)
to allow for the fluorescent label to bind to intracellular biomolecules (e.g., DNA).

Furthermore, flow cytometry does not directly provide information about molecular
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structure, which is an important strength of RS for biological analysis.

Positron emission tomography

Positron emission tomography (PET) is a molecular imaging modality in which a pa-
tient is injected with a positron-emitting label designed to bind to a specific molecule
that circulates though a patient’s vasculature. If the target molecule preferentially
accumulates in specific organs or disease sites (e.g., cancer), the detection and local-
ization of the emitted positrons enables PET to be a powerful in vivo diagnostic and
functional imaging modality [124]. However, for molecular analysis purposes, PET
can only be used to detect one type of molecule at once, unless multiple positron-
emitting labelled molecules are known to specifically accumulate in different parts
of the patient anatomy that can be spatially distinguished. PET is also limited,
like flow cytometry, by the requirement to attach a label to the molecule of interest.
There are a limited number of molecules that can be labelled and specifically accu-
mulated by anatomic sites of interest, although many such label-molecule conjugates
have been recently developed for PET analysis of amino acid metabolism [125] and
gene expression products [126]. However, like flow cytometry, these labels are often
very specific to a certain molecule, providing molecular specificity and sensitivity at
small concentrations unachievable with standard RS techniques. PET has the further
advantage over RS of inherently being an in vivo technique. However, PET is not
suitable for molecular analysis of single cells or sub-millimeter scale tissue sections
as the spatial resolution limit of PET is on the order of 1 mm [127], as compared
to 1 pum for Raman microscopy systems. In addition, PET cannot directly provide

information about molecular structure.

Magnetic resonance spectroscopy

Magnetic resonance spectroscopy (MRS) utilizes differences in the magnetic proper-
ties of chemical nuclei in different molecules to obtain a spectrum where each peak cor-
responds to a nuclear resonance frequency shift specific to a certain molecule. Differ-
ent nuclei are targeted for analysis of different molecules; for example, 'H-MRS allows
detection of metabolites such as citrate, creatine, choline, lactate, alanine, glutamine,
myo-inositol and N-acetylaspartate [128-131], 3'P-MRS allows specific detection of
phospholipid molecules such as phosphatidylcholine, phosphatidylethanolamine and
phosphatidylinositol [60], and '3 C-MRS is often used to isolate glucose [124]. Like
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PET, and unlike RS, MRS is easily applied in vivo using conventional MRI scanning
technology, although the relatively low magnetic field strengths in clinical MRI units
(typically 1.5-3.0 T), as compared to experimental small-animal MRI units (up to 21
T), currently limits the sensitivity and spatial resolution of the technique [128]. Like
RS, MRS allows the simultaneous analysis of multiple types of molecules, but MRS is
inherently limited to molecule types that are relatively abundant and yield a distinct
MRS signal, such as those mentioned above. MRS can provide structural informa-
tion, but this often requires the analysis of multiple nuclear targets (e.g., 'H, *C and
1°N for determination of protein and nucleic acid structure [132]), therefore requiring
multiple acquisitions and complicated analysis methods (relative to the analysis of
RS spectra). Like RS, MRS can be easily applied to in vitro and ex vivo samples,
using smaller laboratory MRS units. However, unlike RS, MRS cannot provide the
spatial resolution or sensitivity required for single cell analysis, as samples containing

on the order of 10° cells are typically required for sufficient signal production [133].

Table 2.1: Comparison of Raman spectroscopy (RS) with flow cytometry, positron
emission tomography (PET) and magnetic resonance spectroscopy (MRS), for the
molecular analysis of cells or tissues.

RS Flow Cyt. PET MRS
Spatial resolution limit ~.001 mm one cell ~lmm ~0.1 mm
Acquisition time 10- 60 s ~.001 s ~1s 60 - 1800 s
Detection sensitivity Low - Moderate High High Low
Molecular specificity Low High High Moderate
Molecular structure Yes No No Yes
In vivo applicability Low None High Moderate
Ex vivo tissues Yes No No Yes
FEx vivo cell suspensions Yes Yes No Yes
Single cells Yes Yes No No
Multiple molecule analysis Yes Limited Limited Yes

2.6 Example applications of Raman spectroscopy

The uses of RS are too numerous to fully discuss here, and are addressed in detail
in various texts [109, 110, 112]. However, several major fields of application are
mentioned here by way of example.

RS has been used extensively to analyze the structural chemistry of inorganic
compounds, minerals and organic molecules. A few examples include determining

the structural forms of amorphous carbon and diamond [134], distinguishing between
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the A, B, and Z structural forms of double-stranded DNA [135], and identifying trace
elements and minerals in urban dust [136]. Development of fiber-optic and remote
Raman collection techniques have enabled the nondestructive chemical analysis of
paintings, ancient dyes, and archeological artifacts [137]. A few major industrial ap-
plications of RS include development and characterization of polymers and emulsions
[138], quality control of the mechanical and structural properties of semiconductors
used in electronic devices [139], and forensic identification of illicit drugs and explo-
sives [140]. In addition, RS is routinely applied in the pharmaceutical industry for
drug screening and investigation of molecular polymorphism [141]. RS has also been
used by the commercial food industry to analyze trace component levels, fatty acid
content, molecular structures, and changes in food quality [142].

The use of RS in the biological sciences has become incredibly widespread due
to the advantages discussed in sections 1.3.1 and 2.5. A thorough review of the
many biological applications of RS can be found elsewhere [143, 144]. However, a
few examples of the various biological RS applications over the past few decades are
mentioned here.

Early Raman microscopy techniques were successfully used to measure the reso-
nance Raman spectra of visual pigments, and their photoproducts, from single rod
and cone photoreceptor cells in goldfish [145], enabling the analysis of pigment content
that was previously impossible without difficult extraction of cells from the retina.
Further demonstration of the noninvasive and nondestructive potential of RS was
shown by a pair of Fourier-transform RS studies; one study performed analysis of the
structure of water, proteins and lipids in fully intact samples of human hair, nails
and skin [146], and another study performed measurements of organic and inorganic
compounds in samples of ancient (4" - 16" century) and modern human teeth [147].
RS has also found utility in botanical applications, such as to determine the amount
and types of naturally occurring carotenoids in a variety of edible plants [148]. A
recent novel biomedical RS study performed noninvasive tomographic reconstruction
of bone tissue within an intact section of a canine limb, via detection of RS signals
from bone acquired through layers of skin and subcutaneous tissues [149].

There have been many modern applications of both RS and RM in single cell anal-
ysis and in radiobiological investigations, and these studies are directly relevant to this

work. As such, these studies were discussed in sections 1.3.2 and 1.3.3, respectively.
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Chapter 3

Materials & Methods

This chapter describes the experimental equipment and procedures used throughout
the studies presented in the results and discussion chapters 4 to 7. Materials and
methods specific to a certain chapter are presented therein. The first part of this
chapter (section 3.1) presents the types of cells used in this work, and the general
protocols for cell culture, sample preparation for Raman spectroscopy, cell irradiation
and flow cytometry. The second part of the chapter (section 3.2) describes the design
and operation of the Raman system used for this work, and the protocols for acquisi-
tion of single-cell Raman spectra. The final part of the chapter (section 3.3) presents
the methods used for processing single-cell Raman spectra and for performing princi-
pal component analysis (PCA). Descriptions of the relevant theories and algorithms

are provided, along with some examples of implementation.

3.1 Cells and cell processing

3.1.1 Human tumour cells

Seven human tumour cell lines were used in this work, derived from epithelial prostate
(DU145, PC3, LNCaP and PacMet), breast (MDA-MB-231 and MCF7) and lung
(H460). These cell lines are all adherent, meaning they attach to a surface for growth,
but vary in growth morphology, as seen in the optical images of the cell lines (except
PacMet) shown in figure 3.1, and by culture doubling time (table 3.1). These cell lines
also vary by pb3 gene status and intrinsic radiosensitivity, which is further discussed in
chapter 7. Original cell stocks were obtained from American Type Culture Collection
(ATCC, Manassas, VA, USA), with the exception of the PacMet cells (originally
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characterized in 2008 by Troyer et. al. [150]), which were obtained from (and used
with permission by) Dr. Linda deGraffenried at the University of Texas Health Science

Center, Department of Medicine.

Table 3.1: Doubling time (T;) for the seven human tumour cell lines used in this
work (data from American Type Culture Collection (ATCC, Manassas, VA, USA)
unless otherwise indicated).

Cell Line T, (hrs)
H460 23
MCF7 29
MDA-MB-231 39 [151]
PC3 27 [152]
DU145 34 [153]
LNCaP 34
PacMet 24 [150]

3.1.2 Cell culture

To maintain a sterile environment, all cell culture work was done in laminar flow
biological safety cabinets at the Deeley Research Centre (DRC) in the BC Cancer
Agency Vancouver Island Centre (BCCA-VIC). The cells were cultured in 10-cm
diameter tissue culture dishes in 15 mL of growth media, supplemented with 10%
fetal bovine serum (FBS) (HyClone, Logan, UT). Dulbecco’s Modified Eagle Medium
(DMEM) media (HyClone) was used for the DU145, PC3, MCF7 and MDA-MB-231
cell lines, and Roswell Park Memorial Institute (RPMI) 1640 media (HyClone) was
used for the H460, LNCaP and PacMet cell lines. To promote growth, cells were kept
in an incubator at 5% CO, and 37 °C.

Every 3-4 days, or when the cells grew to 70-80% confluency within the dish,
thus restricting their growth, the cell cultures were harvested and diluted into fresh
media to allow the cells to continue healthy growth. The cells were harvested by first
discarding the old media and rinsing the cells in ~10 mL of phosphate buffered saline
(PBS) (HyClone), an ionic buffer solution that maintains osmotic pressure within
the cells. About 2 mL of trypsin (HyClone), an enzyme that causes cells to detach
from the growth substrate, was added to the dish and the cells were incubated for ~5
minutes, or until the cells were observed to fully detach from the dish surface. The
trypsin was de-activated with FBS by adding 8 mL of fresh growth media, and the

cell solution was centrifuged at 1200 revolutions per minute (rpm) for 5 minutes. The
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MDA-MB-231

Figure 3.1: Optical images of H460, DU145, LNCaP, PC3, MCF7 and MDA-MB-231
human tumour cells adhered to the cell culture dish, obtained with a 20x objective
on an inverted microscope. Field of view is ~ 385 x 290 pm for all images.
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supernatant was discarded and the cells were resuspended in 1 mL of fresh growth
media. Depending on the level of dilution desired, a fraction of the cell suspension
(e.g., 100 uL for a 1:10 dilution) was transferred to a new dish with 15 mL of fresh
culture media. The new cell suspensions were pipetted several times to ensure an even

distribution of cells throughout the dish, and the dish was returned to the incubator.

3.1.3 Sample preparation for Raman spectroscopy

To prepare cells for Raman analysis, cultures were harvested by rinsing with PBS to
remove dead cells and debris, adding trypsin to detach the remaining live cells, adding
growth media with FBS to de-activate the trypsin, and centrifuging to discard the
trypsin-media supernatant. Cells were then re-suspended in growth media and cen-
trifuged into a pellet in a 200 puL plastic vial. Vials were kept on ice until RS analysis
(1-6 hours), upon which the chosen pellet was transferred to a low-fluorescence quartz
disc (Technical Glass Products, Painesville, OH, USA) in order to minimize spectral
contributions from the sample substrate. The protocol for single-cell RS acquisition

from the cell pellet is provided in section 3.2.2 below.

3.1.4 Cell irradiation experiments

For the primary cell irradiation experiments presented in chapters 6 and 7, 12 identical
cell cultures were prepared in T-75 tissue culture flasks (75 cm? surface area for cell
growth, physical dimensions ~8.7 x 13.1 x 3.8 cm?) at an initial confluency of 10-
15% after sub-culturing. Prior to irradiation, cells were allowed to incubate for ~3.5
days, growing to a confluency of 70-80%. Cell cultures were irradiated in T-75 flasks
with a single fraction of 6 MV photons from a Varian 6EX linear accelerator (Varian
Medical Systems, Inc., Palo Alto, CA, USA), at a dose rate of ~5.9 Gy/min. Five
cultures were irradiated to 50 Gy, one was irradiated to 15 Gy, one was irradiated
to 30 Gy, and the remaining five cultures were left unirradiated. All flasks were
removed from the incubator at the same time and were returned to the incubator
within 30 minutes of removal. Cultures irradiated to 50 Gy were harvested for RS
analysis at 0, 24, 48, 72 and 120 hours post-irradiation, with one unirradiated culture
harvested and analyzed at the same time (figure 3.2). Cultures irradiated to 15 and
30 Gy were harvested and analyzed with RS at 72 hours post-irradiation (figure 3.2).
The 120 hours post-irradiation cultures were only analyzed with RS if the viability

of both cultures (measured with flow cytometry, see section 3.1.5 below) exceeded
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75%. Similar protocols were followed for the other irradiation experiments presented

in chapter 6, with the relevant differences provided therein.
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Figure 3.2: Protocol for irradiated dose and time of RS analysis post-irradiation, for
cell culture irradiation experiments using T-75 tissue culture flasks.

The linac set-up for the cell culture irradiations is shown in figure 3.3. Six flasks
were placed on top of a 5 cm thick 40 x 40 cm? block of water equivalent plastic
(Standard Grade Solid Water®, Gammex, Inc., Middleton, WI, USA) in a 2 x 3 flask
arrangement centred on the photon beam axis, with the bottom of all flasks resting
on top of the block. The linac gantry angle was set at 180° in order to irradiate the
cells from the bottom, through the 5 cm block, to ensure sufficient build-up of dose
deposition prior to the flasks [10]. This arrangement also minimized any extra air
gap between the radiation source and the cells, which were adhered to the bottom
of the flasks and covered by a thin layer (~3 mm) of growth media. An identical
water equivalent plastic block was placed on top of the flasks as well. The top surface
of the bottom block was set at 100 cm from the beam source, such that the photon
beam axis intersected with the plane formed by the bottom of the flasks at the linac
isocentre (recall chapter 1, figure 1.1). The linac jaws were set to deliver a field
size of 30 x 30 cm? at the isocentre, to provide as uniform dose coverage as possible
over all six flasks (~26 x 26 cm? total area). For experiments requiring the flasks
to be irradiated to varying doses, a given flask was replaced with an empty flask (or
other flask containing cells to be irradiated) after the desired dose for the flask was
delivered. Dose calculations for this set-up were provided by Dr. Will Ansbacher,

using the Vancouver Island Cancer Centre’s “MU Calculator”, version 4.74.
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Figure 3.3: Linac set-up for cell culture irradiations in T-75 tissue culture flasks.

3.1.5 Flow cytometry analysis of cell cycle and viability

Prior to RS analysis, the cell cycle distribution and viability of each culture was mea-
sured using flow cytometry (recall description in section 1.2.1), following established
protocols [154, 155]. For cell cycle analysis, over 200,000 cells were extracted from
a culture and fixed in 70% ethanol to permeabilize the cell membrane. The enzyme
RNase A (Qiagen Inc., Mississauga, ON, Canada) was added to a concentration of
1 mg/mL in order to degrade cellular RNA. Propidium iodide (PI) (Sigma-Aldrich,
Oakville, ON, Canada) was subsequently added to a final concentration of 50 pg/mL.
After 30 minutes the suspension was centrifuged, re-suspended in a buffer (PBS +
1% FBS), and kept on ice until analysis. For flow cytometry collection, the relative
DNA content of 100,000 cells was measured using a BD FACSCalibur Flow Cytometer
(BD Biosciences, Mississauga, ON, Canada). Cell counts were recorded by the flow
cytometer during sample acquisition. Relative fractions of cells in each phase of the
cell cycle (G1, S, or G2) were determined using MatLab (Matlab, The Mathworks,
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Natick, MA, USA) by performing a nonlinear least-squares fit to the measured data
using functions representative of the expected distributions of DNA content for each
cell cycle phase. G1 and G2 phase cells both produce Gaussian distributions of DNA
content, and S phase cells produce a uniform distribution of DNA content between
the central positions of the G1 and G2 distributions [19].

The cell membrane of a live cell does not allow PI to pass into the cell, meaning
that flow cytometry of unfixed cells treated with PI can be used to test the viability
of a cell culture by measuring the fraction of dead cells (positive PI signal) in a
sample of cells. For culture viability assessment, over 100,000 cells were extracted
from the culture and split into two equal parts. One part was stained with PI at a
concentration of 5 pug/mL, and the other part was left untreated to serve as a control.
20,000 cells from each sample underwent flow cytometry analysis within 15 minutes
of staining, and the fractions of live (no PI signal) and dead (positive PI signal) cells

in the PI stained sample were determined with Matlab.

3.2 Raman spectroscopy

3.2.1 InVia Raman microscope

Raman analysis was performed on an inVia Raman microscope (Renishaw Inc., Illi-
nois, IL USA) with a 100X dry objective (N.A. = 0.9) (Leica Microsystems, Wetzlar,
Germany) and a 1200 lines/mm diffraction grating (figure 3.4). A 785 nm continuous
wave diode laser (Renishaw) was used for sample excitation, providing a laser power
density at the sample of ~0.5 mW /um3. The laser power was measured using a Laser
Power/Energy Meter (Coherent Inc., Santa Clara, CA, USA). The size of the sam-
pling volume was measured to be ~2 x 5 x 10 pum, using the 10-90% rise distance of
the system edge response function for each axis [28]; these dimensions allow a single
RS acquisition to represent the spectrum of a single cell (~10 ym in diameter), as
further discussed in chapter 5. The spectral resolution of this configuration was mea-
sured to be 3 cm™! at 520 em ™!, using the full-width at half-maximum of a silicon
line spectrum deconvolved with a Lorentzian function of the natural silicon linewidth
(28, 156].

The laser and Raman light paths through the inVia Raman system are shown
in figure 3.4. The excitation laser is first passed through a set of selectable neutral

density filters, allowing for variable attenuation of the incoming beam. The shape
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Figure 3.4: Light path through the inVia Raman microscopy system used in this
work.

of the beam out of the laser is a ~5 x 2 mm rectangle, which should be expanded
to a circular beam to fill the back aperture of the 100x microscope objective (5
mm diameter). This is performed using a beam expander, consisting of a focusing
objective followed by a collimating objective of lower magnification, each with a 5
mm diameter circular aperture. The resulting collimated beam exiting the beam
expander is therefore circular with a 5 mm diameter. The laser beam is then reflected
upwards by a mirror such that it is reflected off a 785 nm low-pass (LP) optical filter
(Renishaw). The filter consists of hundreds of thin films deposited in such a way to
reflect the 785 nm laser light, but pass light of any longer wavelength with a high
transmission efficiency (> 90%). The laser light is reflected off the LP filter into an
upright microscope (Leica), and reflected downwards onto the back aperture of the
microscope objective. The laser light is focused by the objective onto the sample,
which is mounted on a linearly encoded motorized stepper stage with a minimum
step size of 0.1 pum and repeatability of £0.2 um (Prior Scientific Inc., Rockland,
MA, USA). The isotropically scattered light, consisting of both Rayleigh and Raman
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scattering, is collected and collimated by the microscope objective. The collected light
reflects back along the incident beam path to the LP filter, where the Rayleigh light
is reflected and the Raman light is transmitted through the filter. The transmitted
Raman light is focused by a lens into the spectrometer chamber, where it follows
the collimation, reflection and dispersion pattern shown in figure 2.4, before being
re-focused along the dispersion axis (recall figure 2.5) of a 393 x 578 pixel RenCam
CCD detector (Renishaw), thermoelectrically cooled to —70 °C to minimize thermal
noise. All components of the inVia Raman system are controlled using the WiRE
software package, version 3.0 (Renishaw).

For the inVia Raman system configuration used in this work, the dispersion axis
of the CCD detector is 393 pixels wide, which corresponds to a spectral window 376

cm~! wide when centred at 1000 cm™!.

To cover the two spectral windows used
in this work (600-1800 cm™" and 2700-3100 cm™!), Renishaw’s continuous scanning
technique “SynchroScan” was used. This technique works by continually stepping the
diffraction grating through the range of the desired extended spectral window while
the accumulated charge at each pixel is shifted along the dispersion axis of the CCD
in time with the rotation of the diffraction grating, such that the accumulated charge
corresponding to a specific wavenumber is preserved as it is shifted along the CCD.
The timing of the diffraction grating steps and the CCD pixel shifting is determined
by the total acquisition time desired per pixel, such that each accumulated charge
value (corresponding to one wavenumber) recorded at the far end of the dispersion
axis will have accumulated for exactly the desired acquisition time [114]. The use of
such continuous scanning techniques sets a lower limit on the desired acquisition time
(10 seconds for the system used in this work) due to the physical and electronic con-
straints imposed by rotating the grating and shifting charges across the width of the
CCD. It also requires additional time (equal to the acquisition time per wavenumber)
to acquire the data, compared to the total time required using multiple acquisitions,
since the first and last wavenumber regions in the spectra must both traverse the
width of the CCD dispersion axis before being recorded. However, such continuous
scanning techniques have two significant advantages over multiple acquisition tech-
niques. Firstly, they eliminate the need for stitching separate spectra together, which
can result in artifacts at the joining positions arising from variations in baseline inten-
sity between acquisitions. Secondly, the shifting of charges across the CCD serves to
average out any pixel-to-pixel variations across the detector, as every charge recorded

for a given wavenumber has been accumulated from all of the pixel positions along
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the CCD dispersion axis [114].

3.2.2 Single-cell spectral acquisition

Raman spectra were acquired from 20 individual cells from each sample, with cells
chosen at random from the top layer of the cell pellet (figure 3.5). Spectra were
collected at 30-second acquisitions per cell, for two different spectral windows: a
low-wavenumber (LWN) window (600-1800 cm™') and a high-wavenumber (HWN)
window (2700-3100 cm™!). Spectra from each window were acquired in succession
for each cell, using Renishaw’s SynchroScan operation mode to cover each spectral

window in a single acquisition.

Figure 3.5: Optical image of a portion of a cell pellet, acquired with a 100X objective,
with the 785 nm focused laser spot shown relative to the selected cell highlighted by
the white circle.

All Raman spectra were acquired within 2 hours of transferring the cell pellet
from the ice bath to the quartz disc. No spectral variations have been observed that
correlate with the time of sample removal from the ice bath, suggesting that any
effect of removing cells from the ice bath to an exposed environment has a negligible
impact on the RS analysis within this 2 hour time interval.

Any spectrum obtained with excessive interference from cosmic rays or fluores-
cence was rejected (~1 in 20), and a replacement spectrum was obtained immediately

from the same cell. The spectrum obtained from the same cell under repeated ac-
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quisitions was highly reproducible, with only slight reductions in baseline intensity
arising from laser-induced quenching of biological fluorescence. Any LWN window
cell spectrum acquired resembling that of a dead cell [59] was rejected, and a new cell
was selected. The acquisition of dead cell spectra was very infrequent, being depen-
dent on the viability of the sample (measured in advance with flow cytometry). Most
samples used in this work contained >95% live cells, and the threshold for proceeding
to RS analysis was set at 75%. No correlations were found between the measured
viability of harvested cultures and the results obtained from applying PCA to the RS
data collected.

3.3 Spectral processing

The large number of spectra acquired in this work (80 to 240 per data set) necessi-
tated the development and implementation of automated signal processing methods.
Each spectrum from a given experimental data set was processed to (1) remove signals
from cosmic rays, (2) increase the signal-to-noise ratio (SNR) via spectral smoothing,
(3) estimate and subtract a baseline arising from the quartz substrate and biologi-
cal fluorescence, and (4) normalize to the amount of biological material within the
sampling volume. A description of the methods applied for each processing step is
provided below (sections 3.3.1 - 3.3.4), ending with a description of principal com-
ponent analysis (PCA) (section 3.3.5). All data processing and PCA was performed
using Matlab.

3.3.1 Cosmic ray removal

Signals from cosmic rays (CRs) show up in Raman spectra as sharp spikes in the
measured intensity, and typically span no more than a few pixels on the CCD. An
automated CR removal program was developed, which was successful in removing
CRs with peak intensities greater that approximately twice the average value of the
spectrum in the local neighbourhood of the CR. This was done by iterating over each
point in the spectrum, and if the value at a tested point was greater than twice the
mean value of a 5-pt window adjacent to the tested value (sampled from the data
already tested), then the value was replaced by a new value taken from its local
neighbourhood. To ensure that the whole span of the CR was removed, the values

of the points within 4+2 indices from the tested value were also replaced with new
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values taken from their local neighbourhood. This algorithm processed ~100-200
spectra per second, and was successful in removing ~75% of the CRs detected during
this work. Small CRs with peak values less than twice the average value of the
local neighbourhood, and CRs with widths greater than a few pixels, were identified
by visual inspection and removed manually via linear interpolation between points

adjacent to the CR signal.

3.3.2 Two-point maximum entropy method smoothing

The two-point maximum entropy method (TPMEM) is a regularization method that
has found utility for SNR enhancement of a variety of data types [157, 158], but has
been particularly successful for use with Raman spectra [159, 160]. The basic theory
of TPMEM is as follows. Two adjacent points in an array of data are considered to
be a 2-point probability distribution. If the values of two adjacent points at indices ¢
and 7 + 1 are denoted z; and x;,1, then the fractional probability for each point can

be written as

T Tit1

b= T+ Tipq = T +J;Uz‘+1 (3.1)
where p+ g = 1. The two-point entropy function is defined as —(p Inp+ ¢ Inq) [161].
TPMEM first generates the sum of the 2-point entropies, S, over all x;. TPMEM then
attempts to minimize the function 7' = —S + \x?, where \ is a Lagrange multiplier
and x? is the chi-square goodness-of-fit function between the recovered data and the
original data. By minimizing 7', TPMEM achieves a balance between smoothness of
the recovered data (through S) and fidelity of the recovered data to the original data
(through x?). Weighting between smoothness and fidelity is determined by choice
of A. A root-bisection algorithm is used to optimize A subject to the expectation
that x> = X - NP, where NP is the number of data points and X is a user-defined
parameter that biases the recovered data to either increased smoothness (X > 1)
or increased fidelity (X < 1). An example of applying TPMEM to a sample LWN
window Raman spectra acquired from a cell, with X varying from 0.25 to 1.25, is
shown in figure 3.6. For the cell spectra acquired in this work X was set to 0.25 for
the LWN window and 0.75 for the HWN window; these values were found to provide
a modest level of smoothing, without sacrificing fidelity to the original intensity of
the Raman signals. The TPMEM algorithm used in this work processed ~50-100
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spectra per second.
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Figure 3.6: Example of applying the two-point maximum entropy method (TPMEM)
for smoothing of a raw Raman spectrum of a cell, for the LWN spectral window, with
the user-defined parameter X varying from 0.25 to 1.25.

3.3.3 Baseline estimation

Baseline (BL) estimation and removal is necessary for comparing Raman signals be-
tween different spectra, as it is the Raman peak height, or area, above the BL that
provides useful information about Raman scattering within the sample. An effective
and robust BL estimation method is critical for this work in order to remove sources
of variability arising from varying levels of fluorescence or quartz substrate contam-
ination in a multi-spectra data set (further discussed in chapters 4 and 5). In this
work, different BL estimation methods were applied for the LWN and HWN spectral
windows to address the different BL structure in each window. The BL in the LWN
spectral window arises from the combined contributions from biological fluorescence,

the quartz substrate, water / culture media and optical components in the Raman
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system, whereas the BL in the HWN spectral window arises only from very weak

contributions from biological fluorescence and water / culture media.

Low-wavenumber spectral window

For the LWN spectral window, the algorithm used in this work is a modified version
of the signal removal method (SRM) as described by Schulze et. al. [122]. An initial
crude estimate of the BL is generated by applying a first-order Savitsky-Golay (SG)
filter [162] to the original data, using a SG window size (W) of 3-7% of the total range
of the data (1304 points). This initial estimate provides a threshold that separates
“signal” (data above the threshold) from “baseline” (data below the threshold). The
original data is then modified by replacing any data above the threshold with the
value of the SG filter BL estimate at that point (i.e., the signal is removed). The SG
filter is then applied to the modified data set, providing a second estimate of the BL.
The signal removal step is repeated using the SG filter output as the new threshold,
and the SG filter is applied again to the modified data set. The process is repeated
until a stopping criterion is reached, or a fixed number of iterations is completed.
In this work, fixing the number of iterations to 20 proved to be sufficient, as further
iterations did not change the BL.. An example of applying the SRM used in this work
to a LWN window TMPEM smoothed cell spectrum is shown in figure 3.7, where the
SG filter BL estimate and the SRM modified data are shown for various iterations of
the algorithm. The completion time for this algorithm was ~1 second per spectra.

The SRM method was chosen for this work due to the mixture of sharp and broad
features throughout the LWN spectral window. As such, it is desirable to use a highly
conformal BL estimate around regions of possible quartz contamination (~800 cm™*
and ~1050 cm™!') that underly sharp Raman features, and a broader BL estimate
from 1200 - 1800 cm™!, where many overlapping peaks give rise to broad Raman
features. The most important parameter in the SRM algorithm was found to be the
window size of the SG filter. Smaller window sizes (e.g., 3% of the data range) allow
more variation in the baseline estimate, whereas larger window sizes (e.g., 7%) yield
less variation. This effect on the final SRM BL estimate, for different single window
sizes (W), is shown in figure 3.8.

As shown in chapter 4, a single window size is not optimal for BL estimation
around all the features of the LWN spectral window (e.g., figure 3.8). In this work
a SG window size of 3% was used for the first half of the LWN spectral window
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Figure 3.7: Example of applying the signal removal method (SRM) used in this
work for baseline (BL) estimation of a smoothed cell spectrum, showing the result of
the Savitsky-Golay (SG) filter BL estimate, and the signal removal method (SRM)
modified data, for various iterations of the algorithm.
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Figure 3.8: Example of applying the signal removal method (SRM) for baseline (BL)
estimation of a smoothed cell spectrum, showing the effect of varying the SG filter
window size (W) from 3% to 7% of the total range of the data

(600 - 1190 cm™') and a SG window size of 7% was used for the second half of the
LWN spectral window (1191 - 1800 cm™!). The two BLs were concatenated, and

! was removed by adding a small amount of constant

the discontinuity at 1190 cm™
amplitude oscillatory noise to the concatenated BL (noise amplitude was set at 5% of
the mean value of the BL), then applying a high level of TPMEM smoothing (X=1.5)
to the noisy BL. The output of this method is shown in figure 3.9, along with the

spectrum obtained after subtraction of the final BL estimate.

High-wavenumber spectral window

For the HWN spectral window, the algorithm used in this work employs a three-
point linearly interpolated (TPLI) method for baseline (BL) estimation. This method
was chosen since there is very little variability in baseline structure in this spectral
window, and the Raman signals are very broad, spanning almost the whole width of

the spectral window. Three small regions (each 5 cm™! wide) of the HWN window
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Figure 3.9: Example of applying the signal removal method (SRM) for baseline (BL)
estimation for a low-wavenumber (LWN) spectral window cell spectrum, showing
the method of using different window sizes (3% and 7%) for each half of the LWN
window then concatenating the two BLs and removing the discontinuity at 1190 cm ™1
by adding noise to the concatenated BL and smoothing with TPMEM. The resulting
BL subtracted spectrum is also shown.

spectrum were selected, which were found to consistently represent areas without
Raman signals (i.e., only contributions from background signals). The minimum
value of each region was chosen as a BL point, and linear interpolation was then
performed between the three selected points and the first and last points in the
spectrum. An example of this method applied to a HWN cell spectrum is shown in
figure 3.10, showing the three regions designated as background and the spectrum

obtained after subtraction of the BL estimate.

3.3.4 Spectral normalization

After BL estimation and subtraction, the principal remaining source of variability
between spectra is the overall intensity of the Raman features, which arises from

the variable amount of biological material within the sampling volume and from
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Figure 3.10: Example of applying the three-point linearly interpolated (TPLI) method
for baseline (BL) estimation for a high-wavenumber (HWN) spectral window cell
spectrum, showing the three small regions designated as background from which the
BL points were chosen. The resulting BL: subtracted spectrum is also shown.

fluctuations in laser power. In this work, this variability predominantly arises from
slightly different physical shapes and orientations of each cell in the cell pellet, relative
to the Raman sampling volume (see figure 3.5). To remove this source of variability,
each spectrum was normalized to the total area under the BL subtracted spectrum.
Other authors have addressed this issue of intensity variability by normalizing to the
area under the CH deformation peak at 1450 cm™!, thought to be proportional to
the total amount of biological material within the sampling volume [59, 81]. In this
work, it is found that the area of the CH deformation peak can vary independently of
other Raman peaks, and therefore may not be suitable as a normalization peak in all
cases. For example, in chapter 5 it is shown that one of the most significantly varying
Raman signals between cells arises from CH, deformation in lipids at 1438 cm™!,
which affects the area of the CH deformation peak as well due to its close spectral
proximity. These considerations are further addressed in chapter 4. In this work it

was found that normalizing to the total area under the BL subtracted spectrum is
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suitable for both the LWN and HWN spectral windows, and is demonstrated in figure

3.11.

9000

8000

7000

6000

5000

Counts

3000

2000

bl

1000

4000

LWN - Unnormalized

Cell #1
Cell #2
Cell #3
Cell #4

Relative Intensity

'

LWN - Normalized

x10°

Cell #1
Cell #2
Cell #3
Cell #4

%)

N

WM

-1000

8000

7000

6000

5000

700 800 900 1000 1100 1200 1300 1400 1500 1600 1700
Raman shift (cm'1)
HWN - Unnormalized

— Cell #1
Cell #2

Cell #3
Cell #4

|

700 800 900 1000 1100 1200 1300 1400 1500 1600 1700
Raman shift (cm™)

HWN - Normalized

X 10°

Cell #1
Cell #2
r Cell #3
Cell #4

[

B 4
5
[ L
£ 4000 £
= 3}
3 g
O 3000} 2
]
o 2f
2000 o
1+
1000}
o 0
1000 i ; . i i ; i . i g ; i i i i
2700 2750 2800 2850 2900 2950 3000 3050 2700 2750 2800 2850 2900 2950 3000 3050

Raman shift (cm'1)

Raman shift (cm‘1)

Figure 3.11: Example of applying normalization to four baseline (BL) subtracted
cell spectra, using the total area under the BL subtracted spectrum, for both the
low-wavenumber (LWN) and high-wavenumber (HWN) spectral windows.

3.3.5 Principal component analysis

PCA utilizes a mathematical transform that reveals the internal structure of a data set

in a way which best isolates the independent sources of variance in the data. A brief

overview of the theoretical aspects of PCA that are relevant to this work is provided

below. PCA was performed in this work using standard algorithms (Matlab).

Given an input data set of observations O of size m x p, where m is the number

of observations (i.e., number of spectra) and p is the number of variables (i.e., points
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per spectra), PCA first subtracts off the mean of all observations (O,,,) from each
individual observation, then calculates the sample covariance matrix S of the mean-
subtracted data set M = O — Ogyy [163]. PCA then calculates the first m — 1
eigenvectors of S, which are here called the “components” and denoted C; — C,,_1,
each vectors of length p. These eigenvectors of S are also sometimes referred to as
“coefficient” or “loading” vectors [163]. The components form a complete orthonormal
basis set of the mean-subtracted data, such that C,,-C,, =0V n # m, and C,,/-C,, = 1
V' n = m (here ' denotes the vector transpose operation). The eigenvalues of S
corresponding to each component are also calculated, and each eigenvalue is equal
to the total variance explained by the corresponding component [163]. As such,
PCA orders the components, C; — C,,,_1, by the amount of variance each component
explains in the mean-subtracted data set M. As an example, figure 3.12 shows the
15t 2nd 20th 50t and 239" (last) PCA components from a 240 spectra LWN window
data set used in this work. As shown, the percent variance explained decreases with

each component.
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Figure 3.12: Examples of PCA components from a 240 spectra LWN window data set
used in this work. The PCA components are ordered by decreasing percent variance
explained in the original mean-subtracted data set.

The first two components in figure 3.12 explain the majority (63.2%) of the vari-
ance in the data set and contain clearly defined positive and negative features, in-
dicating correlated sources of variability at the corresponding wavenumbers of the

mean-subtracted data set. The 20" component explains 0.3% of the total variance



74

and contains few defined features, being dominated by random noise. The 50" and
239" components have no visible features, and the percent variances are reduced to
0.1% and 0.01% respectively. Since most of the non-random sources of variability
in the data set are accounted for by the first n << m — 1 components (the number
of meaningful components n depends on the data set), PCA effectively reduces the
dimensionality of the data set to a more manageable size (e.g., the set of components
each explaining > 2% of the total variance) for analysis and interpretation of the
primary sources of variability in the data set.

To connect the correlated sources of variability (i.e., the components) to the spec-
tra in the original data set, each original observation (i.e., each spectrum in the
original data set) is assigned a score (s;; — sp,—1,) for each component, calculated by

projecting each component C; onto M such that
Sji = le . Mz (32)

where M, denotes the i mean-subtracted original observation, and j = 1...m —
1. Each score determines how much each component contributes to the variance
of the original observation (O;) from the average observation (Og,). Each original

observation O; can therefore be recovered by the following operation:
Oi = chg + S14 ¢ Cl + S24 ¢ Cg + ...+ Sm—1, ° Cmfl (33)

The PCA components (C';) provide direct observation of the dominant sources
of variability within a data set, whereas the PCA scores (s;;) show how much each
observation in the data set is responsible for a given source of variability. Analysis of
the PCA scores for a large spectral data set provides insight into which spectra in the
data set are causing the variability, and allows for the detection of trends between
samples (or spectra) in the experiment. A schematic of the PCA score plots for the
first and second PCA components, from a fictitious experiment with four samples
of 20 spectra each, is shown in figure 3.13. In this work, the spectrum number (7)
is plotted against the PCA scores for a certain component. By equation 3.3, any
spectrum assigned a higher (i.e., more positive) PCA score for a given component
contains a proportionately higher amount of the positive features and a lower amount
of the negative features from that component, in the original spectrum. It should

be noted that the positive or negative nature of the features is purely arbitrary and
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only holds meaning with respect to the sign of the corresponding PCA scores. Any
component can be reflected about zero, with a corresponding change of sign for all

scores for that component, without altering the results of the PCA transformation.
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Figure 3.13: Schematic of the PCA score plots for the first and second PCA compo-
nents, from a fictitious experiment with four samples of 20 spectra each.

Since multiple spectra are collected per sample, the PCA scores are grouped ac-
cording to their sample of origin (figure 3.13), often indicating differences in some
controlled variable in the experiment (e.g., time, dose, treated vs. control). Shifts in
the PCA score distributions along the X-axis, for one or more samples relative to the
other samples, indicate that the corresponding PCA component describes spectral
variability arising predominantly from spectral differences between the samples. For
the results of the fictitious experiment depicted in figure 3.13, the PCA scores for the
first PCA component indicate spectral variability arising predominantly from spectral
differences in the first two samples relative to samples 3 and 4. The increase in the
PCA scores for sample 2 (and 3 and 4) relative to sample 1 corresponds to increased
amounts of the positive features relative to the negative features in the first PCA
component, in the original spectra of sample 2 (and 3 and 4) as compared to sample
1. The PCA scores for the second PCA component indicate an independent source of
spectral variability that arises predominantly from samples 2 and 4. If samples 2 and
4 are known to differ from samples 1 and 3 only according to some controlled variable
in the experiment, the PCA scores serve to identify a source of spectral variability
correlating with that experimental variable. The spectral features responsible for the
variability in the original data set are then identified by the positive and negative
features in the corresponding PCA component.

The statistical significance of an observed shift in the PCA score distribution
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between two samples can be calculated using a two-sample t-test, which computes
the probability that two samples are drawn from the same distribution [164]. This
probability is called the “p-value”. If the p-value is at or below a certain threshold,
typically set at 0.05 (i.e., 5%), then the two distributions are considered statistically
different [164]. In this work, the difference between two PCA score distributions is
evaluated using a two tailed t-test, without assuming equal variances between samples,
computed using standard algorithms (Matlab).

A side application of PCA utilizes equation 3.3 to regenerate the original set of
spectra, O, without including one or more components. For example, regenerating the
original spectra using only the first n << m — 1 components effectively removes most
of the random sources of variability (e.g., spectral artifacts, noise) from the data set.
In this way one can also filter out other undesirable components, such as a component
arising from a sample substrate, as long as the unwanted contributions are isolated
into a single component after the PCA calculation. For certain data sets in this work,
included in chapter 5, excess spectral variability arising from the quartz substrate was
easily identifiable in a single PCA component; the quartz component was therefore
removed and the PCA calculation was repeated on the filtered set of spectra. This
action does not affect the other components (or scores), only redistributes the variance

explained by the excluded component among the remaining components.



7

Chapter 4

Results & Discussion I:
Validation of Analysis Methods

4.1 Introduction

The purpose of this chapter is to validate the combination of data processing tech-
niques used in this work (described in chapter 3, section 3.3) for the analysis of Raman
spectra obtained from single human cells. A representative set of raw data is used to
demonstrate the effect of varying certain processing parameters on the final outcomes
of the data analysis. Comparisons of the outcomes of the sample data set are per-
formed in two ways: (1) by inspection of two processed spectra representing typical
levels of differences between spectra across the sample data set, and (2) by inspection
of the PCA components and PCA scores obtained from the entire set of processed
spectra.

The data set chosen for this analysis is from an irradiation experiment performed
with the DU145 cell line, which is presented and discussed in full in chapter 6 and
included in the results of chapter 7. There are 240 cell spectra in this data set,
irradiated and collected for RS acquisition as described in section 3.1.4. This data
set was chosen because of the clear trends of the PCA scores for both the first and
second PCA components, providing an opportunity for easy inspection of the effects of
varying the data processing parameters on the data outcomes. Only the LWN spectral
window data is discussed, as the HWN window data is much less complicated and is
therefore much less sensitive to variations in the data processing parameters.

The data processing steps that have the most potential for affecting the outcomes
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of the data are: (1) spectral smoothing, (2) baseline estimation, and (3) spectral
normalization. The effects of altering the parameters in these steps, relative to the
parameters used in this work, are each presented in turn (sections 4.2 - 4.4), followed
by a general discussion of the effect of varying the data processing parameters with
respect to the aims of the RS studies in this work (section 4.5). Molecular and
biological interpretations of the data outcomes are not discussed in this chapter,
with the exception of section 4.4 where the choice of normalization method has an

important effect on the molecular interpretations of the data outcomes.

4.2 Spectral smoothing

The only user-defined parameter in the TPMEM smoothing method is the X value,
which (recall section 3.3.2) biases the recovered data to either increased smoothness
(X > 1) or increased fidelity to the original data (X < 1). High levels of smoothing
may degrade the accuracy of Raman signal intensities, especially near sharp peaks
and “valleys” in the spectra, as shown in figure 3.6 for X = 0.75 and X = 1.25. Not
applying any smoothing at all is the most conservative approach, but will inevitably
leave more random noise in the data, possibly reducing the ability to detect subtle
spectral features. The effects of no smoothing (X = 0) and smoothing using X = 1.25

are presented below, relative to smoothing with X = 0.25.

4.2.1 Effect on processed spectra

The effect of varying the TPMEM smoothing parameter X, from X = 0 (no smooth-
ing) to X = 0.25 to X = 1.25, on two processed cell spectra is shown in figure 4.1,
with a region of interest (ROI) highlighted to demonstrate the differences in random
noise between the two pairs of spectra for each X parameter. From X = 0to X = 0.25
(figure 4.1a and 4.1b), no loss of fidelity to the original data is apparent within the
ROI, although there is a very slight decrease in peak area (< 0.5% for both spectra)
from 1000-1009 cm~?, the sharpest feature in the LWN spectral window. None of the
other Raman signals are similarly affected. However, from X = 0 to X = 1.25 (figure
4.1a and 4.1c), there is a definite loss of fidelity to the sharp Raman features between
600 and 1200 cm ™!, most evident by the ~6% decrease in peak area from 1000-1009
cm ™1, for both cell spectra. These losses of peak fidelity with increased smoothing are

indicated by the arrows in figures 4.1a-c, which are fixed at the position of original
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Figure 4.1: Effect of varying the TPMEM smoothing parameter X, from (a) X =0
(no smoothing) to (b) X = 0.25 to (c) X = 1.25, on two processed DU145 cell spectra,
with a region of interest highlighted to demonstrate the differences in random noise
between the two pairs of spectra for each X parameter. The reduction in peak fidelity
with increased smoothing is indicated by the arrows fixed at the position of original
(X = 0) intensity for the 1000-1009 cm™" peak

4.2.2 Effect on PCA components and PCA scores

For the 240 cell spectra in the sample DU145 data set, the first and second PCA
components represent the most significant sources of independent spectral variability
in the data set. The positive and negative features in the PCA components arise from

variability in the intensity of the corresponding Raman peaks in the original data set
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(in chapters 5-7, a molecular origin is assigned to each feature in the components).
Recall, by equation 3.3, that any spectrum with a higher (i.e., more positive) PCA
score for a given component contains a proportionately higher amount of the positive
features and a lower amount of the negative features from that component, in the

original spectrum.

PCA components

The effect of varying the TPMEM smoothing parameter on the first two PCA compo-
nents of the sample DU145 data set is shown in figure 4.2. The positive and negative
features of both PCA components are accurately reproduced for all X values, with
only a slight loss in the ability to resolve adjacent features for X = 1.25. There is also
a slight reduction in the intensity of the sharp feature at 1004 cm~! for X = 1.25,
corresponding with the loss in fidelity to that peak observed in the processed spectra
(figure 4.1c). The most significant effect of varying the TPMEM smoothing parame-
ter on the first two PCA components is the increase in the percent variance explained
by each component as the level of smoothing is increased. This increase is a direct
result of the decrease in random noise in the data set with increased smoothing, as
decreased random noise results in an decrease in the percent variance explained by
the remainder of the PCA components, most of which account for random sources of

variability in the data set, such as noise (recall figure 3.12).

PCA scores

The PCA scores corresponding to the first two PCA components determine how much
of the variability explained by each component (figure 4.2) is expressed in each of the
240 cell spectra in the sample data set. The effect of varying the TPMEM smoothing
parameter on the PCA scores for the first two PCA components of the sample DU145
data set is shown in figure 4.3. Only very small changes in the individual PCA
score values are observed. The average absolute shift in the score values between
X = 0and X = 1.25 is ~0.05 x 1072 for both components, only 4% and 9% of
the average standard deviation of the sample PCA score distributions for the first
and second components, respectively. The observed trends of the PCA scores, the
average standard deviation of the sample PCA score distributions, and the levels of
significance for the differences between PCA score distributions (i.e., the p-values),

are not affected by these variations in the level of TPMEM spectral smoothing.
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Figure 4.2: Effect of varying the TPMEM smoothing parameter X, from X = 0 (no
smoothing) to X = 0.25 to X = 1.25, on the first two PCA components of the sample
DU145 data set.
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Figure 4.3: Effect of varying the TPMEM smoothing parameter X, from X = 0 (no
1.25, on the PCA scores for the first two PCA
components of the sample DU145 data set. Different markers categorize all 240 cells
by time of RS acquisition after irradiation. The average score and standard deviation
is shown for each sample for visualization of the trends in the data.

smoothing) to X = 0.25 to X
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4.3 Baseline estimation

For the LWN spectral window data in this work, the signal removal method (SRM)
for baseline (BL) estimation is used with different Savitsky-Golay (SG) filter window
sizes (W=3% and W=7%) for each half of the spectral window (described in section
3.3.3). This application of the SRM method, although similar to both the SRM
method described by Schulze et. al. [122] and the “modified polyfit” method described
by Lieber et. al. [165], is unique due to the use of different SG window sizes, and
therefore different BL estimation parameters, for a single spectral window. The effects
of, alternatively, using the SRM with single window sizes of 3%, 5% and 7%, for the
entire LWN spectral window for the DU145 sample data set, are presented below.

4.3.1 Effect on processed spectra

Recall that the differences between the final BL estimates for the SRM with single
window sizes of 3%, 5% and 7% are shown in figure 3.8 for a representative spec-
trum. As the window size is reduced the BL estimate becomes more conformal to the
“valleys” of the data, which may or may not represent regions without contributions
from Raman signals, depending on the amount of overlap of the Raman features in
the vicinity. However, a less conformal BL estimate may not accurately correct for
variable levels of fluorescence between spectra. The effect of using single window
sizes of 3%, 5% and 7% on two processed cell spectra is shown in figures 4.4a to 4.4c,
with a ROT (800-920 cm ~') highlighted to show the variability in the subtracted BL
level between the two spectra in a region of inherently variable fluorescence between
spectra. The differences in the BL subtracted spectrum for a single cell using these
window sizes is shown in figure 4.4d. The difference in overall relative intensity using
different window sizes is the result of the difference in total area under the spectrum
after BL subtraction, which is used for spectral normalization.

For the ROI highlighted in figures 4.4a to 4.4c, the separation between the sub-
tracted BL levels between the two spectra is the smallest for W=3% and becomes
larger for W=5% and W=7%. However, for wavenumbers greater than ~1200 cm~*
there are no variations in the BL levels between the two spectra for each window size
(although there are large differences in the BL levels for different window sizes, as
seen in figure 4.4d). Since the Raman features in the 1200 - 1800 cm™! region are
predominantly broad features with overlapping contributions from multiple Raman

signals, smaller window sizes inevitably remove more Raman signal intensity from
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Figure 4.4: Effect of using the signal removal method (SRM) with single window sizes
(W) of (a) 3%, (b) 5% and (c¢) 7% on two processed cell spectra, with a ROI (800-920
cm ') highlighted to show the variability in the subtracted BL level between the
two spectra, in a region of inherently variable fluorescence between spectra. (d) BL
subtracted spectra for a single cell using these window sizes.
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the 1200 - 1800 cm™! region during BL estimation than larger window sizes (figure
4.4). However, all three window sizes remove these Raman intensities in a fairly
reproducible manner between spectra, as demonstrated by the consistent BL levels
between the two spectra in the 1200 - 1800 cm ™! region (figures 4.4a to 4.4c). How-
ever, this reproducibility may not be consistent across all spectra in a large data set,

which is investigated below.

4.3.2 Effect on PCA components and PCA scores

PCA components

The effect of using the SRM with single window sizes of 3%, 5% and 7% on the first
two PCA components of the sample DU145 data set is shown in figure 4.5, with arrows
indicating the wavenumbers (or regions) with observable differences in the features
between the PCA components obtained with different window sizes. Two types of
differences can be observed: (1) differences in the intensity (positive or negative)
of features known to correspond to spectral variability in Raman signals, and (2)
differences in the intensity of features (or regions) likely arising from variability in
estimated BL levels. Each type is discussed in turn below.

The features at 853 cm™* (PCA Component #1), and 877 cm™!, 1340 cm™! and
1421 em™! (PCA Component #2) are known to correspond to variability in molec-
ular Raman signals (assigned in chapter 5). A reduction in the intensity of these
features (i.e., the intensity becomes closer to zero) indicates an undesirable loss in
the sensitivity of the PCA algorithm to detect variability in the Raman signals at
these wavenumbers. The features at 853 cm™! (PCA Component #1) and 877 cm™!
(PCA Component #2) are most intense for W=3%, with losses in intensity observed
for each increase in window size (figure 4.5). Since both these features are contained
in the 800-920 cm~! ROI shown in figure 4.4, it is likely that this loss of sensitivity to
Raman spectral variability arises from the inability of the larger window BL estimates
to conform to the valley points in this region. Conversely, the features at 1340 cm ™!
and 1421 cm™! (PCA Component #2) are most intense for W=7%, with the largest
reduction in intensity occurring for W=3% (figure 4.5). Both these features occur at
the shoulder regions of broad overlapping Raman signals (e.g., figure 4.4), suggesting
that a very conformal BL estimate (i.e., W=3%) used in these regions removes Ra-
man signals in an inconsistent manner, resulting in an undesirable loss of sensitivity

to variability in Raman signals between spectra. Therefore, in terms of maintaining
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Figure 4.5: Effect of using the signal removal method (SRM) with single window
sizes (W) of 3%, 5% and 7% on the first two PCA components of the sample DU145
data set. Arrows indicate the wavenumbers (or regions) with observable differences
in features between the PCA components obtained using different window sizes.
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sensitivity to variability in Raman signals, the SRM with W=3% performs best for
the first half of the LWN spectral window, and the SRM with W=7% performs best
for the second half of the LWN spectral window (although W=5% performs almost
equivalently in this region).

The variable intensities of the features at 797 cm™! (PCA Component #2) and
1410 em™! (PCA Component #1) likely arise from differences in estimated BL levels,
as these regions are devoid of known Raman signals (see chapter 5). The region from
1560-1630 cm ™! (PCA Component #1) does contain Raman signals (e.g., figure 4.4),
but the variability between window sizes observed in figure 4.5 arises from variability
in the BL level, not in the intensity of the Raman features above the BL.. The SRM
with W=3% performs best for minimizing the intensity of these features, for both
PCA components. However, the loss in sensitivity to variability in known Raman
signals when W=3% is used in the 1200-1800 cm™! region (discussed above) may
result in a loss of important molecular information, whereas a misidentification of
the BL position is only problematic if the misrepresented BL level interferes with
the ability to detect features arising from variability in Raman signals. For the PCA

I and

components shown in figure 4.5, the variability in the BL level at 1410 cm™
1560-1630 cm~t for W=5% and W=7% does not negatively affect the identification
of the features arising from variability in Raman signals.

The PCA components produced for this sample data set in the remainder of
this work (chapter 6), using W=3% for the first half (600-1190 cm~!) and W=7%
for the second half (1191-1800 cm™') of the LWN spectral window, are shown in
figure 4.2 (for X = 0.25). Since the window sizes are set as percentages relative to
the width of the spectral region, the SRM method used with a single window size
produces the same BL estimate in a given region whether it is applied to the whole
data set or half the data set. As such, the PCA components calculated in this work,
using two different BL estimates for each half of the spectral window (figure 4.2,
X = 0.25), are almost identical to the concatenation of the respective regions of the
PCA components obtained when using single window sizes of W=3% and W=7%.
Therefore, the benefits discussed above, for a certain window size applied to a certain
region of the spectral window, are maintained when using different window sizes for
different spectral regions. Furthermore, the PCA components obtained using the
method of joining two different BL estimates (figure 4.2, X = 0.25) contain no visible
features or artifacts at 1190 cm™!, the position where the two BL estimates are joined
(recall figure 3.9).
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PCA scores

The effect of using the SRM with single window sizes of 3%, 5% and 7% on the PCA
scores for the first two PCA components of the sample DU145 data set is shown in
figure 4.6. Changes in the absolute values of the PCA scores cannot directly indicate
meaningful differences resulting from using different window sizes, as the score values
are calculated relative to the intensity of the original mean-subtracted spectra (re-
call equation 3.2). Since the overall intensity of the normalized spectra is larger for
smaller window sizes (e.g., figure 4.4), the values of the PCA scores, and the standard
deviations of the PCA score distributions for each sample, are proportionately larger
as well. This effect is observed in figure 4.6 by the decreased separations in the PCA
score distributions between samples, and the decreased width of the distributions,
with increased window size. However, this scaling does not directly affect the dis-
criminatory capability of the PCA results, since the standard deviation of the PCA
score distributions for each sample also decreases proportionately with the decreases
in PCA scores. As such, the “relative distance” between the mean values of two PCA
score distributions can be approximated by dividing the absolute distance between
the mean values by the average standard deviation of all PCA score distributions in
the data set, for a certain component. These relative distances can then be used,
along with the p-values indicating the level of significance of the differences between
PCA score distributions, to evaluate the effect of using these different window sizes
for BL estimation on the discriminatory capability of the PCA results. Table 4.1
provides the absolute values of the relative distances between the mean values of
adjacent PCA score distributions for the first two PCA components. The level of
statistical significance for each shift between samples is indicated by the number of
superscripted asterisks.

For the PCA scores for the first PCA component, there are no consistent changes
in the relative distances between samples for different window sizes (table 4.1), and
there is only one instance where the significance level drops (table 4.1, samples 6 &
7, W=7%). However, since the threshold levels for significance are set arbitrarily,
and the p-values for W=5% and W=7% for these samples are 0.0003 and 0.0006,
respectively, this isolated change in significance level does not indicate a loss in the
discriminatory capability of the PCA results for the first PCA component.

For the PCA scores for the second PCA component, there is a consistent reduction

in the relative distance between the mean values of adjacent PCA score distributions
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Figure 4.6: Effect of using the signal removal method (SRM) with single window
sizes (W) of 3%, 5% and 7% on the PCA scores for the first two PCA components of
the sample DU145 data set. Different markers categorize all 240 cells by time of RS
acquisition after irradiation. The average score and standard deviation is shown for
each sample for visualization of the trends in the data.



90

Table 4.1: Absolute values of the “relative distances” (see text) between the mean
values of adjacent PCA score distributions (i.e., samples) for the first two PCA com-
ponents of the sample DU145 data set (figure 4.6), using the signal removal method
(SRM) for baseline (BL) estimation with single window sizes (W) of 3%, 5% and 7%.
Italicized values indicate data obtained using both W=3% and W=7% and the BL
joining method applied for this work. The level of statistical significance for each
shift between samples is indicated by the number of superscripted asterisks (none
=p>0.05*=p<0.05 ** =p<0.005 ** =p <0.0005).

Samples PCA Component #1 PCA Component #2

W= 3% 5% ™% 3& 7% 3% 5% ™% 3& 7%
1&2 0.45 0.48 0.52 0.47 0.65* 0.40 0.20 0.45
2&3 0.02 0.02 0.01 0.01 0.43 0.37 0.43 0.27
3&4 0.20 0.23 0.20 0.14 2,17 2.05***  2.09***  1.88™**
4 &5 0.10 0.10 0.11 0.13 2.85%**  2.36***  2.15**  2.28%*F
5& 6 2.20%** 216"  2.07*** 2.10*** 4.09***  3.63*** 3.60*** 3.32***
6 &7 1.54***  1.46***  1.34** 1.36%* 6.06™**  5.23***  5.19**  4.64™**
7& 8 1.40** 1.33** 1.27* 1.34** 2.70***  2.50***  2.60*** 2.19"**
8&9 0.42 0.39 0.40 0.44 2.12%**  L.70***  1.42%** 1,78
9& 10 0.61 0.63 0.65 0.62 1.47%*  1.52%**  1.38*** [.58™
10 & 11 1.41%% 141" 1417  1.37* 7.58%F*  6.20%**  5.72** 5.85™*F
11 & 12 0.34 0.50 0.57 0.46 8.38***  6.65™**  6.27**  6.13**F




91

as the window size is increased, with only a few exceptions between W=5% and
W=7% and only one exception between W=3% and W=5% (table 4.1). This may
indicate a loss of the discriminatory capability of the PCA results for the second
PCA component when less conformal BL estimates are used. However, there is only
one instance of a change in the significance level for different window sizes, occurring
between samples 1 & 2 (table 4.1) where the p-value drops from 0.51 to 0.19 to 0.03
as the window size is decreased from W=7% to W=5% to W=3%. The reason for
this effect is unclear, although it is interesting to note that for all the further results
presented in this work for similarly conducted radiation experiments (including other
cell lines), there are no statistically significant shifts in the PCA score distributions
between sample 1 (0 hrs 0 Gy) and sample 2 (0 hrs 50 Gy). As such, this effect may
be reflective of some bias induced into the PCA score distributions as the result of
using a very conformal BL estimation method in regions containing broad Raman
features. As indicated by the data obtained when using both W=3% and W=7%
and the BL joining method (table 4.1), samples 1 & 2 are not statistically different
using the analysis methods applied for this work. Furthermore, it can be seen in
figure 4.6 that the separation between samples 1 & 2 for W=3% is in the opposite
direction as the subsequent larger separations between unirradiated and irradiated
samples harvested for RS analysis at later time points (24-120 hrs). Since the source
of variability causing the differences in the PCA score distributions arises from the
same signature of spectral variability for each sample (described by the second PCA
component, figure 4.5), it is likely that the effect noted here is indeed the result of
some bias arising from the use of a very conformal BL estimation method in regions

containing broad Raman features.

4.4 Spectral normalization

Spectral normalization is performed in this work using the total area under the BL
subtracted spectrum [70, 166, 167]. Some authors have addressed this issue of in-
tensity variability by normalizing to the area under the peak centred at 1450 cm ™!
[59, 81, 83|, claiming that the area of this peak arises solely from CH bonds common
to all biomolecules, and is therefore proportional to the total amount of biological
material within the sampling volume. However, for the sample DU145 data set used
here (and most subsequent data sets), the most significantly varying Raman signal be-

tween spectra, as indicated by the most intense feature in the first PCA components,
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occurs at 1438 cm™! (strongest negative feature in PCA component #1, figures 4.2
and 4.5). The Raman signal at 1438 cm™! arises predominantly from lipids (assigned
in later chapters), and therefore does not scale with the amount of total biological
material in the sampling volume if the lipid content changes relative to other types of
biomolecules (i.e., proteins, nucleic acids, etc.). Therefore, the area of the 1450 cm ™!
peak may not be suitable for normalization, due to the presence of overlapping spec-
tral features, when investigating the molecular sources of spectral variability between
single-cell spectra. The effect of normalizing to the area of the 1450 cm™! peak as
compared to normalizing to the total area under the spectrum, after BL. subtraction,
is presented below. For this analysis, the area under the 1450 cm~! peak was deter-
mined by integrating the intensity of the BL subtracted spectrum from 1440 to 1460

Cmil.

4.4.1 Effect on processed spectra

The differences between the relative intensities of two spectra when normalized by the
total area (“TA”) or by the area of the 1450 cm ™! peak (“A1450”) are shown in figure
4.7. The ROI highlights the 1450 cm~! peak region for each normalization method,
and the difference spectrum is plotted for each case to highlight the effect of the
different normalizations on the resulting variability between the two spectra. Since
the absolute intensity of each normalized spectrum depends on the normalization
value, the Y-axis limits of each plot (figures 4.7a and 4.7b) are scaled relative to the
maximum intensity of the cell #201 spectrum for each case.

The ROI highlighted in figure 4.7 clearly indicates the difference in relative inten-
sity between the two spectra, in the 1450 cm ™! peak region, for each normalization
method. This immediately indicates that the two normalization methods do not
equivalently represent the total amount of biological material within the sampling
volume, since the overall intensity of the cell #201 spectrum is reduced relative to
the cell #101 spectrum when normalizing to the area under the 1450 cm™! peak
(figure 4.7). The effect on the Raman variability between spectra can be seen by
comparing the two difference spectra. The Raman features exhibiting the largest
changes between the two methods are indicated by the arrows in figure 4.7. In the
A1450 difference spectrum (figure 4.7b), relative to the TA difference spectrum (fig-
ure 4.7a), the strong negative feature at 1430-1470 cm ™" is not observed, the negative

feature at 1300 cm ™! is reduced in intensity, and the positive features at 784, 1094-
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Figure 4.7: Effect of normalizing to (a) the total area (TA) or (b) the area under the
1450 cm™! peak (A1450) on two processed DU145 cell spectra, with the 1450 cm™!
peak region highlighted for each normalization method. The difference spectrum is
plotted for each case, with wavenumbers provided for the most significantly altered

features.
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1100, 1230-1267, 1320, 1340, 1486, 1577 and 1656-1685 cm™! all exhibit an increase
in intensity. As such, the interpretation of the changes in Raman signals between
spectra is affected by the normalization method.

It is important to note that the features of reduced intensity in the A1450 dif-
ference spectrum have significant contributions from lipids (i.e., 1300 cm™! and 1438
cm™!), whereas the features of increased intensity arise from proteins and nucleic
acids (assigned in chapter 5). Therefore, it is likely that using the 1450 cm™! peak
for normalization reduces the sensitivity to changes in Raman signals from lipids be-
tween spectra, as the 1450 cm ™! peak area contains varying amounts of Raman signals
arising from lipids at 1438 cm™!. The variability observed in the A1450 difference
spectra therefore reflects variations arising from proteins and nucleic acids relative to
lipid content, with a loss in sensitivity to changes in Raman signals arising from lipids
throughout the LWN spectral window. Furthermore, observed changes in protein and
nucleic acid signals may not reflect an accurate change in the concentration of these
biomolecules within the sampling volume, relative to other spectra, as the changes
will be biased by the varying contributions to the normalization value arising from

lipids.

4.4.2 Effect on PCA components and PCA scores

PCA components

The effect of normalizing by the total area (TA) or by the area of the 1450 cm ™! peak
(A1450) on the first two PCA components of the sample DU145 data set is shown
in figure 4.8, with arrows indicating the wavenumbers (or regions) with the largest
differences in the features between the PCA components obtained with each method.

For the first PCA components obtained using different normalization methods (fig-
ure 4.8), the most significant differences observed for the A1450 component, relative
to the TA component, are the reductions in the intensities of the negative features at
700, 719, 877, 1065, 1080, 1267, 1300, 1438, 1450, 1460 and 1656 cm~!. In the A1450
component, some of these features are reduced to approximately zero intensity, and
some are newly represented as positive features. As shown in chapter 5, all of these
features arise from variability in Raman signals originating from a variety of lipid
molecular groups. Therefore, as discussed above during analysis of the two normal-
ized spectra, using the 1450 cm™! peak area for normalization reduces the sensitivity

to changes in Raman signals from lipids throughout the LWN spectral window.
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Figure 4.8: Effect of normalizing by the total area (TA) or by the area of the 1450
cm ™! peak (A1450) on the first two PCA components of the sample DU145 data set.
Arrows indicate the wavenumbers (or regions) with the largest differences in features
between the PCA components obtained with each method.
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For the second PCA components obtained using different normalization methods
(figure 4.8), the most significant differences observed for the A1450 component, rel-
ative to the TA component, are the reductions in the intensities at 1300, 1438, 1450
and 1460 cm~!. The reductions in the 1440-1460 cm™! region are expected as this
is the region used for normalization, therefore eliminating much of the variability
in this region prior to the PCA calculation. However, the reduction in the inten-
sity of the features at 1300 and 1438 cm™! further indicates a loss of sensitivity to
changes in Raman signals arising from lipids when the 1450 cm™! peak area is used

for normalization.

PCA scores

The effect of normalizing by the total area (TA) or by the area of the 1450 cm™!
peak (A1450) on the PCA scores for the first two PCA components is shown in figure
4.9. As was the case for the different BL estimation parameters investigated in section
4.3.2, the normalization value affects the magnitude of the PCA scores since the PCA
score values are calculated relative to the intensity of the original mean-subtracted
spectra. As such, the X-axis limits in figure 4.9 are scaled relative to the range of the
PCA score values, allowing visual comparisons of the trends in the data.

There are no apparent changes in the trends of the PCA score distributions for each
PCA component between normalization methods, although there are observable shifts
in the positions of individual distributions, most notably for the first PCA component
(figure 4.9). For the second PCA component, the width of the distributions for
each sample appears to be reduced for the A1450 method, relative to the apparent
separation between distributions. These effects on the discriminatory capability of
the PCA results can be quantified by the “relative distance” and p-value approach, as
used above for the analysis of the PCA scores obtained using different BL estimation
parameters (table 4.1). The absolute values of the relative distances between the
mean values of adjacent PCA score distributions for the first two PCA components,
obtained when normalizing by the total area (TA) and by the area of the 1450 cm™!
peak (A1450), are provided in table 4.2. As before, the level of statistical significance
for each shift between samples is indicated by the number of superscripted asterisks.

For the PCA scores for the first PCA component, there is no consistent trend of
changes in the relative distances between samples when using a different normalization

method (table 4.2), although there are several instances of differences in the level
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Figure 4.9: Effect of normalizing by the total area (TA) or by the area of the 1450
cm ™! peak (A1450) on the PCA scores for the first two PCA components of the sample
DU145 data set. Different markers categorize all 240 cells by time of RS acquisition
after irradiation. The average score and standard deviation is shown for each sample
for visualization of the trends in the data.
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Table 4.2: Absolute values of the “relative distances” (see text) between the mean
values of adjacent PCA score distributions (i.e., samples) for the first two PCA com-
ponents of the sample DU145 data set (figure 4.6), when normalizing by the total
area (“TA”) or by the area of the 1450 cm™! peak (“A1450”). The level of statistical
significance for each shift between samples is indicated by the number of superscripted

asterisks (none = p > 0.05, * = p < 0.05, ™ = p < 0.005, *** = p < 0.0005).

Samples PCA Component #1 PCA Component #2
TA A1450 TA A1450
1&2 0.47 0.63 0.45 0.43
2&3 0.01 0.01 0.27 0.32
3&4 0.14 0.03 1.88%**  2.36***
4 &5 0.13 1.05%** 2.23%**F  3.84***
5& 6 2.10%**  1.32%** 3.32%**  5.08***
6&7 1.36**  0.52 4.64%**  6.20%**
7&8 1.34**  0.97* 2.19**  3.07***
8&9 0.44 0.09 1.73%%*  2.36%**
9& 10 0.62 0.76* 1.53%**  1.64***
10 & 11 1.37***  1.87*** 5.85%*  6.29***
11 & 12 046 1.21%** 6.13***  7.03***
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of significance between adjacent samples (table 4.2). This result is not surprising,
since many features in the first PCA component are affected by the normalization
method used (figure 4.8). As such, the PCA scores for the first PCA component
are discriminating based on a different set of parameters (i.e., the different features
in the components) for each normalization method. The general trend of the PCA
score distributions between samples (figure 4.9) is preserved since there are still many
positive and negative features that are common to both of the first PCA components
obtained for each normalization method (figure 4.8).

For the PCA scores for the second PCA component, the relative distance be-
tween adjacent samples is consistently larger for the A1450 method relative to the
TA method, with exceptions between samples 1 & 2 and 2 & 3 where there is no
significant difference between the PCA score distributions for either normalization
method. The reason for this increase in the relative distance between PCA score
distributions is unclear, although it may indicate an improvement in the discrimi-
natory capability of the PCA results obtained when normalizing to a specific peak
area, rather than to the total area under the BL subtracted spectrum. However, this
potential improvement in discrimination between samples coincides with a loss in
sensitivity to variability in Raman signals originating from molecules that contribute
signals to the peak used for normalization. Therefore, in terms of retaining sensitivity
to the molecular origins of Raman spectral variability, normalizing to the total area

under the BL subtracted spectrum is likely a preferable approach.

4.5 Discussion

For the RS studies performed in this work, the most important outcomes of the data
analysis are (1) the detection of molecular sources of spectral variability as represented
by the features in the PCA components, and (2) the discriminatory capability of the
PCA results as represented by the separations between PCA score distributions for
a given PCA component. The PCA score distributions for each sample indicate
the presence of molecular changes between samples, and the corresponding PCA
components indicate the molecular groups that are changing between samples. These
outcomes ultimately determine the merit of using RS for the biochemical analysis of
single human tumour cells, and form the basis for the assignment of molecular origins
to any radiation response observed with RS. As such, the data processing steps and

parameters used in this work were chosen to minimize any detrimental effects on these
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two important outcomes of the data analysis. The variations in the data processing
parameters for each processing step presented in this chapter have varying effects
with respect to these data outcomes, as discussed below.

A high level of spectral smoothing, with the TPMEM smoothing parameter X =
1.25, is found to reduce sensitivity to variability in the intensity of sharp Raman
features, relative to no smoothing, or moderate smoothing with X = 0.25. Moderate
smoothing with X = 0.25 is found to maintain sensitivity to spectral variability for all
Raman features, while appreciably reducing the level of random noise in the data set
and possibly increasing sensitivity to subtle sources of spectral variability. Analysis of
the PCA score distributions demonstrates that the tested levels of spectral smoothing
have no measurable effect on the discriminatory capability of the PCA results for the
first two PCA components.

The analysis of the first two PCA components obtained using the SRM for BL
estimation with different window sizes demonstrates that in terms of maintaining
sensitivity to variability in Raman signals, the SRM with W=3% performs best for
the first half of the LWN spectral window and the SRM with W=7% performs best
for the second half of the LWN spectral window. Furthermore, the analysis of the
PCA score distributions for the first two PCA components indicates that a bias may
be induced into the relative separations between PCA score distributions as the result
of using a very conformal BL estimation method in regions containing broad Raman
features, possibly biasing the discriminatory capability of the PCA results. Within
the parameters tested here, the optimal BL estimation method is to concatenate two
different BL estimations for each half of the LWN spectral window, thus maintaing
the benefits of each BL estimation for each spectral region and avoiding any possible
biases caused by inconsistent removal of Raman signal intensity.

The analysis of the two different methods of normalization indicates that the nor-
malization method may affect the interpretation of the molecular sources of spectral
variability between spectra. In this analysis, such changes are observed in both the
normalized spectra and the first two PCA components. Specifically, it is demon-
strated that normalizing to the area of a single Raman peak reduces sensitivity to
variability in the Raman signals that contribute to the peak chosen for normalization.
Conversely, normalizing to the total area under the BL subtracted spectrum, which
is proportional to the total Raman intensity collected from the sampling volume,
does not restrict sensitivity to any particular source of spectral variability, although

it may slightly reduce the discriminatory capability of the PCA results relative to
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single-peak normalization methods. In this work, however, a confident assignment of
the molecular sources of spectral variability is paramount. As such, the total area

under the BL subtracted spectrum is used for normalization in this work.

4.6 Conclusion

A representative set of raw data is used to demonstrate the effect of varying certain
processing parameters, related to spectral smoothing, baseline estimation and spec-
tral normalization, on the final outcomes and interpretations of the analysis. The
data processing steps and parameters used in this work are chosen to minimize any
detrimental effects on (1) the detection of molecular sources of spectral variability
and (2) the discriminatory capability of the PCA results. The analysis presented in
this chapter demonstrates the robustness and validity of the developed techniques for
the application of PCA to large Raman data sets (~200 spectra) obtained from single

cells.
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Chapter 5

Results & Discussion II:
Variability in Raman spectra of

single human tumour cells

5.1 Introduction

This chapter presents work published by the Society of Applied Spectroscopy (Fred-
erick, MD, USA) in the journal Applied Spectroscopy, entitled “Variability in Raman
spectra of single human tumor cells cultured in wvitro: correlation with cell cycle and
culture confluency” [168], and is reproduced here with permission from the Society
of Applied Spectroscopy.

In a given population of cells there are biochemical differences between individual
cells due to a number of reasons, such as cells existing at different points in their
cell cycle (in the case of an asynchronously growing cell culture), or cells growing in
cultures of different confluence (in the case of multiple cell cultures). Several studies,
mentioned in section 1.3.2, have used RS to analyze biochemical differences arising
within a population of a single type of cell. These studies characterized spectral
features obtained from dead cells [59], apoptotic cells [81], necrotic cells [82], and non-
proliferative cells [83], and demonstrated successful discrimination between G0/G1
cells and S or G2/M cells [84].

In the studies mentioned above, natural biochemical differences exist between in-
dividual cells in a sample. In all these previous studies (excepting the cell cycle

discrimination study [84]), spectral variability arising from inherent biochemical dif-
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ferences was either averaged during spectral acquisition or post-processing, or was
not a relevant or necessary consideration for the purpose of the study. However, the
spectral differences between cell populations may be very subtle, and it is important
to thoroughly investigate the existing sources of spectral variability within a given
population. To date, there have been no systematic studies on the inherent sources of
RS spectral variability that may arise due to biochemical differences between single
cells.

This chapter presents an investigation of the capability of RS to detect inherent
sources of spectral variability within a human tumour cell line (DU145) cultured
in vitro. PCA is used to observe differences in Raman spectra that correlate with
cells existing in different phases of the cell cycle, as well as differences that correlate
with the confluency of the cell culture at the time of Raman analysis. Furthermore,
the biochemical changes detected by RS that correlate with cell cycle progression
are consistent with known biochemical changes within cells. It is shown that the
variability from cell cycle and culture confluency comprises almost all of the inherent
variability in a multi-culture data set, and is primarily explained by the first two PCA
components obtained from the data.

The results of this chapter are presented in two studies. In the first study, the in-
herent variability between cultures of varying confluence is investigated by acquiring
Raman spectra of cells collected from asynchronously growing cell cultures harvested
1-8 days after sub-culturing. In the second study, the variability due to cell cycle in
sub-confluent cultures is directly examined by acquiring spectra from cells collected
from cultures synchronized at specific points in the cell cycle. Flow cytometry is
used to monitor the cell cycle distribution and viability of all cultures at the time of
Raman analysis. RS spectra are obtained from adherent cells that have been resus-
pended and centrifuged into a pellet, from which individual cells are selected using a
high power focusing objective and 785 nm laser excitation (recall section 3.2.2). This
technique provides a very high quality Raman spectrum of a single cell, while elimi-
nating any spectral variability (caused by inconsistent cell structure and varying local
cell density) that arises when cells are grown and analyzed directly in a monolayer
[169]. Both low-wavenumber (LWN), 600-1800 cm™!, and high-wavenumber (HWN),
2700-3100 ecm ™!, spectral windows are used in order to determine if information can
be attained equivalently from either window, as some authors have found to be the

case for certain applications [170].
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5.2 Materials & Methods

5.2.1 Cell preparation
Asynchronous cell cultures

A single T-75 flask of DU145 cells was grown to ~90% confluency and sub-cultured
equally into 8 identical T-75 flasks. The first flask was harvested for RS analysis
24 hours after sub-culturing, and each remaining flask was harvested every 24 hours
thereafter. Each time a flask was harvested, the cell cycle distribution and viability
of the culture was measured as described previously (section 3.1.5).

Cell culture confluency is defined as the percentage of the surface area of the
culture flask covered by cells. Confluency estimates of each of the asynchronous cell
cultures were obtained prior to harvesting by acquiring low magnification images of
five different regions of the cell culture. Each image was imported into Matlab and the
fraction of the image covered by cells was calculated. Since the confluency is never
consistent throughout the entire surface area of the flask, the averaged confluency

from the five regions is used as an estimate of the overall confluency of the culture.

Synchronized cell cultures

Following established protocols [171, 172], 2 mM of thymidine (Sigma-Aldrich, Oakville,
ON, Canada) was used to inhibit DNA replication and arrest cells at the end of G1
phase, before the onset of S phase, and 100 ng/mL of nocodazole (Sigma-Aldrich)
was used to prevent formation of the mitotic spindle and arrest cells at the end of G2
phase, prior to M phase. In the second study presented in this chapter, cell cultures
were treated with thymidine and nocodazole to obtain cultures synchronized at four
points during the cell cycle: (1) at the G1/S boundary (with double-thymidine [171]
treatment), (2) during S phase (with double-thymidine treatment and re-incubation
with drug-free media for 3 hours), (3) at the G2/M boundary (with thymidine treat-
ment for 24 hours, re-incubation with drug-free media for 3 hours, nocodazole treat-
ment for 12 hours, and mitotic shake-off) and (4) during early G1 phase (with mitotic
shake-off from a G2/M arrested culture and re-incubation of detached cells with fresh

media for 5 hours).
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5.2.2 Raman spectroscopy and data processing

Single-cell RS acquisition and data processing was performed as previously described
(sections 3.2.2 and 3.3), using both the LWN (600-1800 cm™') and the HWN (2700~
3100 cm™!) spectral windows. PCA calculations were performed separately on the
LWN and HWN window data sets to facilitate an independent comparison and cor-
roboration of results obtained from each window.

In both studies presented in this chapter, spectral variability arising from the
quartz substrate was easily identifiable in a single PCA component obtained from the
LWN window; the quartz component was therefore removed and the PCA calculations

were repeated on the filtered set of spectra, as described in section 3.3.5.

5.3 Results

5.3.1 Single DU145 cell spectrum

In the LWN spectral window the Raman spectrum of a single DU145 cell (figure
5.1a) contains multiple contributions from proteins, lipids and nucleic acids. Spectral
features of proteins arise from aromatic amino acids (phenylalanine, tryptophan and
tyrosine), amide groups of secondary protein structures (a-helices, S-sheets and ran-
dom coils), and the stretching or deformation of carbon atoms bonded with nitrogen,
hydrogen or other carbon atoms. Nucleic acid features include contributions from
individual RNA and DNA bases (adenine, thymine, guanine, cytosine and uracil),
as well as from the sugar-phosphate backbone of DNA. A number of different lipid
features are also detectable throughout the spectral window.

In the HWN window, the spectrum (figure 5.1b) is a superposition of broad fea-
tures dominated by the stretching of various lipid and protein CHy and CHj3 groups.
There are also weak contributions from =CH stretching in lipids and from aromatic
groups in both nucleic and amino acids. A detailed listing of the molecular assign-
ments [59, 75, 92, 118-121] for all spectral features observed in this work is provided
in table 5.1.

Liquid water yields broad and weak Raman signals in the spectral ranges 100-900
cm ™!, 1400-1800 cm™! and 3000-3700 cm™! [173]. In this work, signals from water
likely contribute to the spectral baseline (recall figures 3.9 and 3.10), along with

fluorescence from biological material and the quartz substrate.



106

E 3z 5
g o o 10000 5
12000 = g 1] €
> . (5] >
(@ _ Fsy 8% ¢ (b) ’ 7
G d= o = & e 7 £
10000F 3 4 _ o E=Z 8g 8 £ 5
gg %3 gﬁé = =3 - 8000 @ 3
x = & -~
t o =% o T =
sooof £ T¢ z 3 83 3 / g 2
S 0F Qs 87 5 Q 3 Z =\ &
s ET S zg8% § ~ S 2 5\ g
s000f 8 32T 8 0] S 2 S os 6000 S e\ § .
" c2 Eeoglg | s <5 a \{ % v,
[ =N o KE| S 2 == £ T 8
@ 4000f5 O R qo 83| I} @8 & S S
€ =3z 2 = N o c 3 = L E
= §o 8 § Ty 52e S 4000 ] £ i g
3 = 8 = I 3 : @ 8 =
o 2000-117 I < € 8 8 5
8 2 c
P = I}
OJUU\; ‘ B N 2000 5 I 3
o) T - = =
T g 323 s E <
as = z o 2 < g
2000f & 2 e o z5e § e 2
g 3 g ¢ fsa £ = 0 o
s 5 S o =5< ]
ao0f § 2 = & g% ee
s = s = BeZ P
(S g8 < § 2 8
-6000 — - . -2000 . . ; .
600 1000 1200 1400 1600 2700 2850 2900 2950 3050

Raman shift (cm™)

Raman shift (cm'1)

Figure 5.1: Raman spectra of a single DU145 cell for the (a) LWN and (b) HWN
spectral windows; the Raman shift and molecular origin of identifiable features are
provided [59, 75, 92, 118-121]. Abbreviations - p: protein, I: lipid, d: DNA/RNA,
A: adenine, T: thymine, G: guanine, C: cytosine, U: uracil, Phe: phenylalanine,
Tyr: tyrosine, Trp: tryptophan, bk: backbone, def: deformation, tw: twist, sym:
symmetric, asym: asymmetric, str: stretch.
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Table 5.1: Molecular assignments for spectra of DU145 cells. Superscript numbers
indicate references used for particular assignment.

Raman Molecular Assignment
Shift
(em~') DNA/RNA Proteins Lipids
622 C-C tw Phell18, 119]
644 C-C tw Tyr[ll& 119]
669 G,T[HS’ 119]
700 Cholesterol[119]
719 Cholinel118, 119, 121]
728 A[118—120]
759 Trp ring br(t18, 119]
; [118-120]

784 U, C, T ring br

O-P-O bk[118, 120]
811 O-P-O RNA[118] O-p-Ol21]
828 O-P-O asym!118; 120] Tyr ring br[92, 118-120]
853 Tyr ring brl92, 118-120]
877 Acyl Co-Cy [118, 121]
936 C-C sym bk, al75 92, 118-120]
975 Head C-Cl[118, 121]
1003 Phe sym ring brl75, 92, 118-120]
1032 C-H Phel?5 118, 120]
1065 C-NI[118, 120] Chain C-CI75, 92, 118, 119, 121]
1080 C-NI75, 118, 120] Chain C-CI75, 92, 118, 121]
1094 POy~ bk, BI75, 118-120] C-NI75, 120] Chain C-C[92, 118, 121]
1100 PO~ bk, Al92, 119]
1127 C-NI75, 118, 120] Chain C-Cl75, 92, 118, 121]
1158 C-C, C-N118]
1175 C-H Tyr, Phel?5 118, 120]
1208 C-CgHg Phe, Trp, Tyrl75: 92, 118-120]
1230 Amide III rand coill®9]
1246 Amide 11T gl59: 92]
1255 Amide III 8, ald9, 75, 92, 119, 120]
1267 Amide IIT 59 92] =CH defl?9 121]
1300 CHy twl75, 92, 118, 119, 121]
1320 Gl75, 118] CH def!59: 118]
1340 A, Gl75, 118-120] CH defl59: 118]
1374 (75, 119, 120]
1421 A, G[75’ 120]7 CHs bk[llQ]
1438 CHo defl75, 92, 119, 121]
1450 CH def[59, 75, 92, 118-120] CH def[59ﬂ 118]
1460 CH defl59> 118] CH defl59: 118]
1486 A7 G[119, 120]
1577 A, G[?S, 118-120]
1607 C=C Phe, Tyrl118]
1618 C=C Tyr, Trp[118]
1656 Amide I «/59 92] =59, 75, 92, 119, 121]
1660 Amide 1(75, 118-120]
1669 Amide I rand coill92]
1685 Amide T 8192
1743 C=0[92, 118, 119, 121]
2853 CH, Sym[75, 92, 119-121]
2888 CH, asyml(75 92, 119-121]
2935 CHj3 syml75: 92] CHj sym(75: 119, 121]
2960-80 CHj3 asym![75: 92] CHj asym!75> 92, 119, 121]
3008 —CHIl92, 121]
3060 aromatics[92] aromatics[92!

Abbreviations - A: adenine, U: uracil, C: cytosine, T: thymine, G: guanine, Trp: trypto-
phan, Tyr: tyrosine, Phe: phenylalanine, br: breathing, bk: backbone, def: deformation,
tw: twist, sym: symmetric, asym: asymmetric.
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5.3.2 Study #1: Asynchronous cell cultures
Cell cycle, confluency and viability

The cell cycle distributions and culture confluencies for the 8 samples in this study
(figure 5.2) are typical for asynchronous cells growing to confluency in culture. From
24-72 hours after sub-culturing the distribution among the three phases is fairly con-
stant at ~50% G1, ~20% G2 and ~30% S. Between 72 and 96 hours there is an
increase in the G1 phase fraction and a decrease in both the G2 and S phase frac-
tions. After 96 hours the G2 fraction remains relatively constant, whereas the S
fraction decreases, and the G1 fraction increases, until about 168 hours. One element
that is not measurable with this method of cell cycle analysis is the fraction of cells in
‘G0’ phase, a state of cellular quiescence. Cellular quiescence is only achievable dur-
ing G1 phase, usually soon after cell division; therefore, GO cells are indistinguishable

from G1 cells by the flow cytometry methods used in this study.
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Figure 5.2: Flow cytometry analysis of cell cycle distributions for the asynchronous
cell cultures. Time indicates the incubation time of the culture after sub-culturing.
Culture confluency (%Conf) and cell cycle phase fractions were calculated as described
in sections 5.2.1 and 3.1.5.

The viability of the harvested cells was determined with flow cytometry prior

to Raman analysis. Dead cells usually detach from the growth substrate, and are



109

subsequently rinsed off and discarded during the harvesting procedure. However, a
small percentage of dead cells always remains in a harvested culture. For this study,
viability tests proved that all of the first 7 samples (24-168 hours after sub-culturing)
had a viability of >98% (i.e., less than 2% dead cells), and the 8th and final sample
(192 hours after sub-culturing) had a viability of >95%.

First PCA component

For the 160 cell spectra collected in this study, the first PCA components (figure 5.3)
represent the most significant source of spectral variability in each data set (52.6%
of the total variance for the LWN window, 88.6% for the HWN window). By com-
parison with the known Raman shifts (figure 5.1, table 5.1), the features in the PCA
components for both the LWN and HWN window are identifiable as arising from vari-
ability in the Raman intensity of peaks in the original data set; therefore, molecular
origins can be assigned to the features in the components. The PCA components
consist of both positive and negative features; any spectrum assigned a higher (i.e.,
more positive) PCA score for a given component contains a proportionately higher
amount of the positive features, and a lower amount of the negative features, from

that component.
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Figure 5.3: First PCA components from the asynchronous cell cultures study: (a)
LWN window (52.6% of total variance), (b) HWN window (88.6% of total variance).
The Raman shift and molecular origin of identifiable features are provided [59, 75,
92, 118-121]. Abbreviations - as in figure 5.1.

The negative features in the first PCA component for the LWN window (figure
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5.3a) are dominated by lipid contributions from cholesterol, CHy twisting, CH, and
CH deformation, and C-C, C=C and C=O0O stretching. The C-C features at 1065,
1080 and 1127 cm™!, the CH feature at 1460 cm™!, and the C=C feature at 1656
cm~! have the same Raman shifts as the protein contributions from C-N stretching,
CH deformation, and a-helix amide groups, respectively. As such, it is impossible to
determine whether or not this variability is solely lipid or protein in nature, or some
combination of both; however, as the rest of the negative features in the component
are uniquely lipid in origin, it follows that the negative nature of these features arises
in part from lipids as well. The molecular origin of the negative feature at 844 cm™! is
unknown. The positive features in the LWN component are almost exclusively nucleic
acid and protein in origin, with the exception of a weak positive contribution from
choline at 719 cm™!. Nucleic acid features arise from DNA and RNA bases, and from
the DNA backbone. Protein features arise from aromatic amino acids (phenylalanine,
tryptophan and tyrosine) and from (-sheet amide groups. Interestingly, it is known
that the aromatic amino acids are most likely to be found in a 3-sheet conformation,
and less likely to be found in an a-helix or coiled structure [174]. As such, an increase
in signal from the aromatic amino acids should correlate with an increase in signal
from [-sheet amide groups, which is observed to be the case here, provided that
the amino acids are used in the synthesis of secondary protein structures. For the
HWN window (figure 5.3b), the positive features can be assigned to the symmetric
and asymmetric stretching of CH3 groups in both proteins and lipids. The negative
features, however, arise from the symmetric and asymmetric stretching of CH, groups
in lipids alone. To summarize, the negative features in both the LWN and the HWN
window are primarily due to lipids, whereas the positive features in both the LWN
and the HWN window are primarily due to nucleic acids and proteins (in particular
from amino acids and (-sheet amides for the LWN window).

The PCA scores (figure 5.4) determine how much of the variability explained by
the first components (figure 5.3) is expressed in each of the 160 cell spectra in each
data set. Note that positive scores are correlated with increased nucleic acid and
protein content, and negative scores are correlated with increased lipid content. The
scores for both windows show the same overall trend; between 24 and 48 hours after
sub-culturing there is a significant increase (p = 0.005 (LWN), p = 0.003 (HWN))
in nucleic acid and protein content relative to lipid content, followed by a steady
decrease in the average nucleic acid and protein content relative to the average lipid

content from 48 to 192 hours after sub-culturing. Furthermore, the relative positions
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of the individual cell scores are consistent between the LWN and HWN windows. For
example, cells #30 and #39 (figure 5.4) have, respectively, the highest and lowest
scores from the 48 hours LWN window sample set, and the same two cells have,
respectively, the highest and lowest scores from the corresponding HWN window
sample set. It is worth emphasizing that the intra-sample variability in the PCA scores
for a given PCA component arises from the same source of spectral variability as the
inter-sample variability, and simply reflects the intrinsic biochemical heterogeneity of

each cell culture.
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Figure 5.4: PCA scores for the first components from the asynchronous cell cultures
study, for the (a) LWN and (b) HWN window. Scores for all 160 cells are grouped
by time of harvest after sub-culturing. The average score and standard deviation is
shown for each sample for visualization of the trends in the data. The Raman spectra
of cell #30 and cell #148 are shown in figure 5.5.

To show that the variability observed with PCA is directly observable in the
original data, the Raman and difference spectra for two cells (cells #30 and #148)
that have a large separation in their PCA scores (figure 5.4) are shown in figure 5.5,
along with the PCA components for comparison. All of the major features in the
components are directly observable in the corresponding difference spectrum for each

spectral window, without any rescaling of the difference spectra.

Second PCA component

The second PCA component for the LWN window (figure 5.6a) explains 10.1% of the
total variance, and the corresponding component for the HWN window (figure 5.6b)

explains 1.7% of the total variance. Assigning a molecular origin to the features in
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Figure 5.5: Raman and difference spectra for two cells (#30 and #148) with a large
difference in PCA score (figure 5.4) for the first PCA component. The first PCA
components have been offset and rescaled for comparison with the unscaled difference
spectra. Wavenumbers are provided for any known features in the components (figure

5.3) that are also observable in the difference spectra.
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the second components is more difficult than for the first components, especially for
the HWN window where the percent variance explained is very low and there is a
small number of known molecules contributing to the HWN spectra (figure 5.1b, table
5.1). The features in the HWN window that correspond with known wavenumbers are
the symmetric and antisymmetric stretching of protein and lipid CH3 groups at 2935
and 2975 cm ™!, respectively, and the antisymmetric stretching of lipid CH, groups at
2888 cm ™! (figure 5.6b). The accuracy of these assignments is uncertain, especially
since contributions from protein and lipid CH3 groups appear in both the positive and
negative features of the component. However, for the LWN window (figure 5.6a) most
of the major features can be assigned with confidence. The negative features include
a strong contribution from choline, as well as contributions from O-P-O stretching in
lipids and RNA, the nucleic acid bases A and G, and a combined contribution from
lipid =CH deformation and a-helix amide groups. The sharp negative feature at 1660

L arises from amide groups as well, but whether it arises from a certain protein

cm
conformation, or from amide groups in general, is unknown. The positive features
arise from amino acids, amide groups in 3-sheet and random coil conformation, and
a combined contribution from the nucleic acid bases A and G and CH deformation
in proteins. Since the nucleic acids A and G contribute uniquely to the negative
features of the component, this combined positive contribution likely arises from CH
deformation in proteins alone. The origin of the positive feature at 1120 cm™! is
unknown.

Despite the uncertainty in the molecular origins of the features in the second PCA
components (especially for the HWN window), the PCA scores for both windows
(figures 5.7a and 5.7b) still show the same general trend; from 24 to ~120 hours
after sub-culturing there is an overall increase in the average scores, and after ~120
hours the average scores appear to remain relatively constant until decreasing slightly
between 168 and 192 hours. However, the relative positions of the individual cell
scores between the LWN and HWN windows are not consistent. Therefore, the similar
trends between the two windows may not be the result of the same biomolecular
changes occurring within the cells.

To determine if the variability described by the second PCA components is directly
observable in the original data (as it is for the first PCA components (figure 5.5)), the
Raman and difference spectra for two cells (cells #137 and #19 for the LWN window,
and cells #114 and #31 for the HWN window) that have a large separation in their

PCA scores (figure 5.7) are shown in figure 5.8, along with the PCA components
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Figure 5.6: Second PCA components from the asynchronous cell cultures study: (a)
LWN window (10.1% of total variance), (b) HWN window (1.7% of total variance).
The Raman shift and molecular origin of identifiable features are provided [59, 75,
92, 118-121]. Abbreviations - as in figure 5.1.
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Figure 5.7: PCA scores for the second components from the asynchronous cell cultures
study, for the (a) LWN and (b) HWN window. Scores for all 160 cells are grouped
by time of harvest after sub-culturing. The average score and standard deviation is
shown for each sample for visualization of the trends in the data. The Raman spectra
of cells indicated by arrows are shown in figure 5.8.
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for comparison. For the LWN window, all of the major features in the component
are observable in the LWN difference spectrum. However, the features in the HWN
component are not observable in the HWN difference spectrum.
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Figure 5.8: Raman and difference spectra for two cells (#137 and #19 for the LWN
window, and #114 and #31 for the HWN window) that have a large difference in
PCA score (figure 5.7) for the second PCA component. The second PCA components
have been offset and rescaled for comparison with the unscaled difference spectra.
Wavenumbers are provided for any known features in the components (figure 5.6)
that are also observable in the difference spectra.

Other PCA components

The third PCA component for the LWN window (figure 5.9a) explains 7.6% of the
total variance, and is dominated by a sharp derivative-like feature centred at the
wavenumber of the sharp phenylalanine ring breathing peak at 1003 ecm~!. This
feature in the PCA component indicates variability arising from a shift in the calibra-
tion of the Raman system over time. The trend displayed by the score plots for this
component (figure 5.9b) correlates well with a known drift in the Raman calibration
over the 8 day sample collection period, which was monitored by measuring peak
shifts of the 520 cm ™! feature of an instrument-based silicon sample before and after
the daily Raman collection. Furthermore, there are trends observed within the PCA
score distributions for the 48, 72 and 196 hrs samples (figure 5.9b), which match the
known direction of drift in the Raman calibration measured before and after the 2

hour collection period for each sample.
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Figure 5.9: (a) Third PCA component (7.6% of total variance) and (b) PCA scores,
for the LWN spectral window, from the asynchronous cell cultures study. Scores for
all 160 cells are grouped by time of harvest after sub-culturing. The average score
and standard deviation is shown for each sample for visualization of the trends in the
data.
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During daily collections, it was verified that the initial calibration of the system
was within 0.5 cm™! of the calibration performed on the first day of collection. By
inspection of various pairs of spectra with large differences in their scores for the
third PCA component, it was found that the maximum shift in the position of the

! was less than one pixel (1 pixel ~ 0.9 cm™?, at

phenylalanine peak at 1003 cm™
1003 cm™1t) for all 160 spectra collected during the 8 days of data collection. For
spectra with the most outlying scores for the third PCA component, corrections to
the shift were attempted using linear interpolation and were successful in reducing by
a few percent the total amount of variance explained by the third PCA component.
However, due to the sharpness of many peaks in the LWN spectrum there are always
slight shifts measured in the peak positions due to experimental limitations, which
translate into some amount of variability brought out in the PCA analysis.

In this study, the third PCA component is the last component for the LWN
window that displays any measurable trend in the score plots; furthermore, each of
the remaining 156 components explain less that 3% of the total variance, and likely
have little to no biological significance. The same can be said for the remaining 157
PCA components for the HWN window, each of which explain less than 1% of the
total variance. The remaining PCA components account for residual variance arising

from random sources of spectral variability.

5.3.3 Study #2: Synchronized cell cultures

Cell cycle synchronization

Cell cultures were synchronized at four different points in the cell cycle: at the G1/S
boundary, at 3 hours into S phase, at the G2/M boundary, and at early G1 phase.
For the first culture, ~83% of the cells were successfully arrested either in late G1
or early S phase (figure 5.10a, ‘G1/S’). Three hours after release from an identical
G1/S arrest, ~19% of the second culture remained in G1 phase, whereas ~64% of the
culture was measured to be in S phase (figure 5.10b, ‘G1/S +3 hrs’). For the third
culture a distinct G1 peak was not observed after G2/M synchronization. Therefore,
the combined fraction of cells in G1 or S phase was estimated to be ~26%, with
at least 74% of the cells successfully arrested at the G2/M boundary (figure 5.10c,
‘G2/M’). Five hours after harvesting and re-incubating cells from an identical G2/M
arrest, ~21% of the fourth culture was determined to be left in G2 phase, while ~75%
of the culture was found in G1 phase (figure 5.10d, ‘G2/M +5 hrs’). Since the fourth
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culture was seeded with cells that were primarily at the G2/M boundary, the G1 cells

in the fourth culture must be less than 4-5 hours into G1 phase.
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Figure 5.10: Flow cytometry analysis of cell cycle distributions for the synchronized
cell cultures. Synchronization was performed using thymidine and nocodazole as
described in section 5.2.1.

First PCA component

The first PCA component for the LWN window (figure 5.11a) explains 51.6% of the
total variance and is very similar to the corresponding component from the asyn-
chronous cell cultures study (figure 5.3a, 52.6% of the total variance). As in the
previous study, the negative features in the component are dominated by lipid con-
tributions from cholesterol, CHy twisting, CH, and CH deformation, and C-C, C=C
and C=O0 stretching, with an additional negative contribution from choline, which
previously contributed as a weak positive feature in the asynchronous study. There
is also a new negative feature at 1267 cm™!, a combined contribution from lipid =CH
deformation and a-helix amide groups; this feature correlates with the existing neg-
ative combined contribution from lipid C=C stretching and a-helix amides at 1656

L are not ob-

cm~!. The previously observed negative features at 844 and 1127 cm™
served here. The positive features in the LWN component, as in the previous study,
are exclusively nucleic acid and protein in origin, with contributions from DNA and
RNA bases, the DNA backbone, aromatic amino acids and (3-sheet amide groups.
In this study there are additional positive contributions from tyrosine at 853 cm™1,
thymine at 1374 ecm™?!, and random coil amide groups at 1230 cm™!. The previously
observed positive feature at 811 cm™! is not observed here. The first PCA component
for the HWN window (figure 5.11b) explains 86.6% of the total variance and is nearly

identical to the corresponding component from the asynchronous cell cultures study
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(figure 5.3b, 88.6% of the total variance). As before, the positive features arise from
the symmetric and asymmetric stretching of CH3 groups in both proteins and lipids,
whereas the negative features arise from the symmetric and asymmetric stretching of

CH, groups in lipids alone.
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Figure 5.11: First PCA components from the synchronized cell cultures study: (a)
LWN window (51.6% of total variance), (b) HWN window (86.6% of total variance).
The Raman shift and molecular origin of identifiable features are provided [59, 75,
92, 118-121]. Abbreviations - as in figure 5.1.

The PCA scores for the first components (figure 5.12) show the same trend for
both the LWN and the HWN window. Between the G1/S culture and the S phase
culture, there is a slight yet statistically insignificant (p = 0.10 (LWN), p = 0.29
(HWN)) increase in nucleic acid and protein content relative to lipid content. There
is no significant difference in the PCA scores between the S phase culture and the
G2/M culture. However, between the G2/M culture and the early G1 phase culture,
there is a significant decrease (p = 0.0009 (LWN), p = 0.03 (HWN)) in nucleic acid
and protein content relative to lipid content. As was the case for the PCA scores for
the first components from the asynchronous study (figure 5.4), the relative positions
of the individual cell scores are consistent between the LWN and HWN windows. For
example, cells #63 and #75 have, respectively, the highest and lowest scores from the
‘G2/M +5 hrs’” LWN window sample set, and the same two cells have, respectively,
the highest and lowest scores from the corresponding HWN window sample set (figure
5.12).
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Figure 5.12: PCA scores for the first components from the synchronized cell cultures
study, for the (a) LWN and (b) HWN window. The average score and standard
deviation is shown for each sample for visualization purposes.
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Second PCA component

The second component for the LWN window (figure 5.13a) explains 7.7% of the total
variance, and the corresponding component for the HWN window (figure 5.13b) ex-
plains 2.1% of the total variance. Neither the LWN or HWN window components are
similar to the second components obtained from the asynchronous cell cultures study
(figure 5.6). For the LWN window all features are easily identifiable, except for the
feature at 1402 cm~!. The negative features include multiple contributions from the
aromatic amino acids, with additional contributions from choline and O-P-O stretch-
ing in nucleic acids. The positive features are made up of contributions from nucleic
acid bases and the DNA backbone, a-helix and [-sheet amide groups in proteins,
and CH, twisting, C=C stretching, and both CHy and =CH deformation in lipids.
For the HWN window, two broad negative features are observed, which possibly arise
from the asymmetric stretching of CHy groups in lipids and the symmetric stretching

of CHj3 groups in proteins and lipids.
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Figure 5.13: Second PCA components from the synchronized cell cultures study: (a)
LWN window (7.7% of total variance), (b) HWN window (2.1% of total variance). The
Raman shift and molecular origin of identifiable features are provided [59, 75, 92, 118
121]. Abbreviations - as in figure 5.1.

The PCA scores for the LWN window (figure 5.14a) show a significant increase
(p < 0.0001) in the PCA scores for the G2/M culture. This increase is correlated
with increased amounts of nucleic acid bases, DNA, conformational proteins, and
CH, and C=C groups in lipids, and decreased amounts of aromatic amino acids,

choline, and O-P-O groups in nucleic acids. The scores for the HWN window do not
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have any relationship to the LWN window scores and do not appear to provide much
meaningful biochemical information, except for that the highest scores are mostly

observed in the early G1 phase culture.
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Figure 5.14: PCA scores for the second components from the synchronized cell cul-
tures study, for the (a) LWN and (b) HWN window. The average score and standard
deviation is shown for each sample for visualization purposes.

Other PCA components

The third PCA component for the LWN window (not shown) explains 5.1% of the
total variance. Some features in this component are similar to those in the second
PCA component from the asynchronous cell cultures study (figure 5.6a), including
a strong negative contribution from choline at 719 cm™! and a positive contribution
from phenylalanine at 1003 cm™!. However, the PCA scores for this component (also
not shown) do not show any significant trend or discrimination between samples. The
fourth and fifth components show features representative of slight X-axis calibration
shifts, but since all the spectra in this study were collected in a single day the system
calibration was very consistent for all samples; as such each component explains a
small amount (~3%) of the total variance. Each of the remaining components for
the LWN window explain less than 2% of the total variance and likely have little
biological significance, and account for any residual variance arising from random
sources of variability. The same can be said for all the remaining components for the

HWN window, each of which explain less than 1% of the total variance.
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5.4 Discussion

5.4.1 Study #1: Asynchronous cell cultures

The results of this 8-day study show that when Raman spectra are acquired from
single DU145 cells taken from multiple cell cultures over multiple days, with different
times between sub-culturing and Raman acquisition for each culture, there are pri-
marily two independent sources of inherent variability observed in the Raman spectra.
These two sources of variability are represented in this study by the first and second
PCA components (figures 5.3 and 5.6).

First PCA component

For the entire 8-day data set in this study, the first PCA component explains 52.6% of
the total variance for the LWN window data set. When searching for a biological origin
for this component, an important consideration is that no matter which subset of the
total 8-day data set is input into PCA, this same component is always observed as
the primary source of variability, and typically explains 35-60% of the total variance.
For example, if the data for only the first 4 days is input into PCA, the variance
explained is 37.3%; however, if only the data for the last 4 days is used, the variance
explained is 51.3%. No matter how many days worth of data are input into PCA, or
which days are chosen, the primary features of the component do not change; namely
the positive features arise from the same nucleic acid and protein molecules, and the
negative features arise from the same lipid molecules, as those assigned to the first
component in this study (figure 5.3a). These properties of the LWN component are
also true for the HWN component (figure 5.3b), except that the percent variance
explained is typically 75-90% of the total variance. It is also important to note
that over the course of previous experiments (not shown), the Raman spectra from
thousands of single DU145 cells have been collected and analyzed in this fashion. No
matter which subset of the previously collected data is input into PCA, the first PCA
components presented in this study (figure 5.3) are reproduced as the primary source
of variability.

The most likely biological origin for the source of variability expressed by the first
PCA components is the biochemical variability due to cell cycle (examined further
below in the discussion of study #2). In this study, the PCA scores for the first PCA
component, for both the LWN and the HWN window, show the trend of a steady
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decrease in the average cellular nucleic acid and protein content relative to the average
lipid content from 48 to 192 hours after sub-culturing (figure 5.4). Furthermore, there
is a definite correlation between the steadily increasing fraction of cells in G1 phase
as measured by flow cytometry (figure 5.2), and the steady decrease in the nucleic
acid and protein content of individual cells relative to the lipid content, as measured
by RS and calculated by PCA (figure 5.4). Interestingly, the flow cytometry results
show that the fraction of cells in G1 phase begins to stop steadily increasing around
120-144 hours after sub-culturing, whereas the RS and PCA analysis shows that the
relative nucleic acid and protein content continues to decrease steadily from 120 to
192 hours (figure 5.4). This discrepancy is likely in part due to a continual increase in
the fraction of G1 cells that have entered into a non-proliferating quiescent ‘G0’ phase
from 120 to 192 hours, which is not detectable by the methods used in this work. It
is known that quiescent cells have a much lower RNA content than actively cycling
G1 cells, as well as a decreased amount of certain proteins required for cell cycle
progression [17, 18]. The discrepancy is also likely in part due to the flow cytometry
observation that the fraction of cells in S phase continues to decrease from 120 to 192
hours, and reaches a minimum of ~8% at 192 hours after sub-culturing. However,
an increased fraction of quiescent cells and a decreased fraction of S phase cells are
both indicators of a less proliferative cell culture, which is an expected trend as cells
are left for longer periods of time after sub-culturing.

It is important to note that the results of this study are in agreement with two
previous Raman studies [83, 123], both which investigated spectral changes due to
cell cycle by comparing averaged bulk Raman spectra from “exponential phase” cell
cultures (G1 fraction < 50%) to spectra from “plateau phase” cell cultures (G1 frac-
tion > 80%). One of these studies [83] found that protein/lipid, RNA/lipid and
DNA /lipid ratios are all statistically higher for exponentially growing cells, as de-
termined by fitting biochemical component spectra to the measured LWN and HWN
window averaged Raman spectra. This same study also identified the spectral regions,
and the corresponding molecules assigned to those regions, which yielded significant
averaged spectral differences between samples. With similar methods, the other study
[123] demonstrated that increased fractions of both protein and nucleic acid content
in exponentially proliferating cells is correlated with decreased fractions of lipid and
glycogen content, as compared to plateau phase cells. The results presented here
on RS of single cells corroborate and extend these previous Raman results for bulk

samples. The results of the asynchronous cell cultures study identify the individual
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molecular sub-groups that are most responsible for the observed changes in Raman
spectra, such as the strong contribution from CHy deformation in lipids in the first
PCA component for the LWN window (figure 5.3a). The PCA results presented here
also demonstrate that changes in the relative lipid content in a cell are mathematically
anti-correlated with changes in both the protein and nucleic acid content in a cell;
this result is consistent both with previous Raman results [123] and with the prior
knowledge that the RNA-to-protein ratio is relatively constant within a cell through-
out the cell cycle [17]. The results extend previous Raman studies by showing that
the changes in biochemical composition due to cell cycle can be directly observed in
single-cell spectra (i.e., figure 5.5), and that the changes can be readily observed as
a continuous process as a cell culture moves from an exponentially growing culture
(24 to 96 hours after sub-culturing) to a confluent non-exponential culture (120 to
192 hours after sub-culturing). Finally, as discussed below, this study demonstrates
that there is another significant source of variability (arising from differences in cell
culture confluency) that is detectable when performing RS on single cultured DU145
cells, in addition to the variability in the nucleic acid and protein content relative to

lipid content.

Second PCA component

For the entire 8-day data set in this study, the second PCA component explains 10.1%
of the total variance for the LWN window data set. However, unlike the first PCA
component, the amount of variance explained by this component is highly dependent
on which subsets of the total data set are input into PCA. For example, the variance
explained is maximized at 16.7% when only the data for the first 5 days is input into
PCA. However, when the data for the first 2 days is excluded the variance explained
drops from 10.1% to 4.8%, and when the first 3 days are excluded the variance
explained drops further to 2.4%. When the first 4 days, or more, are excluded, the
variance explained becomes less than 2% and the component is no longer recognizable.
These properties of the LWN component are also true for the HWN component (figure
5.6b); in the HWN case the variance explained is maximized at 3.3% when only the
data for the first 5 days is input into PCA, yet the component is not observed when
the first 4 or more days are excluded, as was the case for the LWN component. The
dependency of the second PCA component on the choice of sample subset is consistent
with the corresponding PCA scores (figure 5.7), which steadily increase up to 5 days

after sub-culturing and remain fairly constant from 5 to 8 days after sub-culturing.
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A biological explanation for the spectral variability described by the second PCA
component is unclear, especially for the HWN window where the molecular origins
of the features are unknown (figure 5.6b). However, there is a strong correlation
between the trend of the PCA scores (figure 5.7) and the measured confluency of the
cell cultures (figure 5.2), which is in turn related to the amount of time the culture
was left to incubate after sub-culturing. In this study, the cell cultures steadily
increase in confluency until ~5 days after sub-culturing, after which there is very
little room left to grow and the confluency remains relatively constant at ~90%. The
confluency trend matches the trend of the PCA scores, which steadily increase up
to 5 days after sub-culturing and remain fairly constant afterwards. Furthermore, as
discussed above, if only the data from days 5 to 8 is input into PCA (i.e., only the
data collected once the culture had reached ~90% confluency), then the second PCA
component presented here is not observed at all. This implies that the component
is directly caused by biochemical changes related to a sub-confluent culture growing
during the first 3 to 4 days after sub-culturing. The primary biomolecules responsible
for this source of variability in the Raman spectra can be identified in the second PCA
component for the LWN window (figure 5.6a). This study is the first spectroscopic
measurement of inherent biochemical variability in a cell culture that is correlated
with the changing confluency of a cell culture during the first 3-4 days after sub-
culturing, which is shown here to be independent of the existing variability arising
from differences in cell cycle progression. This source of variability has been observed
in several previous experiments with DU145 cells (not shown), in which cell cultures
were harvested for Raman analysis 1-2 days after sub-culturing. It should be noted
that although this source of variability is found to be significant for DU145 cells, it
is not a characteristic of all in wvitro cultured cell lines, as observed in the studies

presented in chapter 7.

5.4.2 Study #2: Synchronized cell cultures

In theory, the effects of the cell cycle regulatory drugs thymidine and nocodazole are
reversible, such that when the drug is removed and replaced by fresh media the cells in
the culture progress synchronously through the rest of their mitotic cycle. In practice,
whole culture synchronization is unfeasible and cell cultures become desynchronized
within ~24 hours [175, 176]. Furthermore, some fraction of the culture will not be

immediately released (or released at all) from the drug induced arrest. However,
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large fractions of cells (i.e., ~75%) can indeed be synchronized for short periods of
time (typically less than 24 hours), and the cell cycle distribution can therefore be
significantly altered from that of an untreated asynchronous population. Despite
the known shortcomings of using drugs for cell cycle control, drug treatment is still
the easiest and simplest technique for significantly altering the cell cycle distribution
and achieving a high yield of mostly synchronized cells. It is important to note
that the level of synchronization reported in this study (figure 5.10) is comparable
to the level of synchronization reported by both the recent study using RS for cell
cycle discrimination, where synchronization was performed by serum starvation and
cell cycle regulatory drugs [84], and another previous study that investigated the
infrared spectroscopic differences between cells in different stages of the cell cycle,
where synchronization was performed by centrifugal elutriation [177].

A main goal of this second study is to directly examine whether the variability
expressed by the first PCA components (addressed above in the discussion for study
#1) is indeed due to biochemical differences between cells at different points in the
cell cycle. The first PCA components for this study (figure 5.11) have primarily the
same features as the first PCA components for the asynchronous cell cultures study
(figure 5.3), and both the LWN and HWN window components explain approximately
the same amount of the total variance as the corresponding components in the asyn-
chronous cell cultures study. However, in this study all four cultures were harvested
on the same day (after each were synchronized) and the confluency of each culture was
<60%; as such, all four cultures should have very few quiescent cells, and one would
not expect to measure any variability due to the differences in confluency between
the cultures.

The variability in the nucleic acid and protein content relative to the lipid content
in single cells, between the four synchronized cell cultures, is expressed by the PCA
scores for the first components (figure 5.12). The slight shift to a higher average
relative nucleic acid and protein content between the ‘G1/S’” and the ‘G1/S +3 hrs’
cultures correlates with the flow cytometry measured shift from ~83% of the first
culture existing at the G1/S boundary to ~64% of the second culture progressing
through S phase (figure 5.10). This shift is consistent with expected changes in the
biochemical content for S phase cells, which contain increased levels of RNA and
protein as compared to G1 cells [17], and an increased amount of DNA due to the
active DNA replication that occurs during S phase. There is no observable shift in the
scores between the ‘G1/S +3 hrs’ and the ‘G2/M’ cultures (figure 5.12), even though
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the ‘G2/M’ culture has over 74% of its cells at the G2/M boundary compared to only
~16% of the cells in G2 phase for the ‘G1/S +3 hrs’ culture. This lack of separation
in the scores for the first components may seem at odds with a known increase in the
overall RNA and protein content of G2/M cells as compared to late S phase cells [17];
however, the PCA scores for the first components only represent changes in nucleic
acid and protein content relative to the total lipid content, which is also increasing
throughout G2 phase in preparation for mitotic division. The most significant change
in the scores for the first PCA components occurs as a decrease in the average nucleic
acid and protein content between the ‘G2/M’ and the ‘G2/M +5 hrs’ cultures, which
undergo a transition from a culture with >74% of its cells in a G2/M phase to a
culture with ~75% of its cells existing within the first 5 hours of G1 phase. The
observed change in the relative nucleic acid and protein content is consistent with
previous biochemical experiments, which have shown that the lowest levels of RNA
and protein are found within the first few hours of G1 phase, immediately following
cell division [17, 18]. These observations are also consistent with the results of the
recent RS study for cell cycle discrimination [84], where the successful discrimination
between S or G2/M cells and G0/G1 cells was due to increased nucleic acid and
protein content relative to lipid content in both S and G2/M cells, as measured in
the LWN spectral window. This previous study also reported poor discrimination
between S and G2/M cells based on nucleic acid and protein content relative to lipid
content [84], which is also observed here for both spectral windows (figure 5.12).
In the study presented here, it is interesting to note that the PCA scores for the
LWN window (figure 5.12a) for the ‘G2/M +5 hrs’ culture are well split into two
subgroups: 60% of the cells have PCA scores < —1 (low relative amount of nucleic
acid and protein) and 40% of the cells have PCA scores > 0 (high relative amount of
nucleic acid and protein). This split is matched by the cell cycle distribution for this
culture (figure 5.10), which is distinctly separated into two groups: ~75% of the cells
in early G1 phase and ~21% of the cells in G2 phase, with only ~4% of the cells in
S phase. The relative positions of the scores for this culture are similar for the HWN
window, but the separation between the two subgroups is less distinct (figure 5.12b).
In summary, these results confirm that the most significant source of Raman spectral
variability between cells in a culture, which is expressed in this work by the first PCA
component from each spectral window, can be confidently attributed to biochemical
changes arising from the progression of individual cells through their mitotic cycle.

The features in the second PCA components for this study (figure 5.13) are dif-
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ferent than the features in the second PCA components for the asynchronous cell
cultures study (figure 5.6). The scores for the LWN and HWN windows do not show
similar trends, which suggests that the components arise from different sources of
biochemical variability between cultures. The scores for the HWN component (figure
5.14b) do not show any clear trend or separation between cultures, and the features
in the HWN component (figure 5.13b) are not clearly attributed to a unique set or
class of biomolecules. As such, it is difficult to assign a biological meaning to the
HWN window results. However, the scores for the LWN component (figure 5.14a)
distinctly separate the ‘G2/M’ cells from the other cultures with an increase in the
average PCA score. According to the corresponding PCA component (figure 5.13a),
the increase in scores for the G2/M cells corresponds primarily with a decrease in
aromatic amino acids, choline and O-P-O groups in RNA and/or lipids, correlating
with an increase in nucleic acid bases, DNA, a-helix and (3-sheet amide groups, and
CH,, =CH and C=C lipid groups. The biological reason for these changes is unclear,
but may be related to changes in the cell biochemistry in preparation for mitotic
division. Alternatively, the variability could arise as a temporary cellular response to
the nocodazole treatment for synchronization of the G2/M culture. If these measured
changes are indeed due to a natural source of variability inherent to G2/M cells, it is
likely that this component is not observed in the asynchronous cell culture study due
to the low fraction of G2 cells in each of the asynchronous cultures, and the presence
of other larger sources of variability such as the changing confluency and shifts in the
X-axis calibration. Further work using different synchronization techniques would be

required to determine if this source of variability is indeed an inherent characteristic
of G2/M cells.

5.4.3 Spectral variability and PCA

Many of the results in this work depend on the accurate assignment of a molecular
origin to features in the PCA components. However, achieving confidence in the
validity of such molecular assignments for the features in the PCA components is
only possible if all external sources of spectral variability, which are not inherent to
the biomolecular composition of the cells, are removed prior to PCA implementa-
tion. Sources of variability that may arise include variability in the intensity and
shape of the baseline (originating from a sample substrate, water, or from the cellu-

lar material itself), or variability induced into a data set by an unsuitable spectral
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normalization technique. If an external source of variability happens to contribute
preferentially to a certain sample (or samples) in the data set, the PCA algorithm
will faithfully correlate the variability from the external source with any variability
that is inherent to the sample in question, which is possibly the variability of in-
terest in the experiment. An example of this issue, which arose during the course
of this work, is the variability in intensity of spectral contributions from the quartz
substrate. For the ‘G2/M +5 hrs’ culture from the synchronized cell culture study,
the pellet of cells used for Raman acquisition was only a few cell layers thick, as
opposed to tens of cell layers thick for the other cultures in the study. As such, there
was a slightly greater quartz contribution observed in all the spectra collected from
the ‘G2/M +5 hrs’ cells. If a very conformal baseline was not applied for baseline
estimation in the lower half of the LWN window (~600-1200 cm™'), it was found
that the variability due to quartz became significant to the degree that the quartz
variability became correlated with other sources of variability inherent to the ‘G2/M
+5 hrs’ culture. As the conformity of the baseline was reduced, the resultant increase
in quartz variability became observable in the first PCA component as recognizable
quartz features, and many biological features from the first PCA component began
to appear in the component that was originally dominated by quartz features alone.
These considerations require extreme care when developing and implementing auto-
mated spectral processing methods, such as spectral smoothing or baseline estimation
methods, when large multi-sample data sets are prepared for PCA implementation.
However, the PCA components themselves can aid in the identification of external
sources of variability during the development and implementation of spectral pro-
cessing techniques (as shown in chapter 4), as long as the spectral features of the
external sources are known. It should be noted that performing Raman analysis with
the HWN window is significantly simpler, since baseline removal is easier due to the
absence of substrate contributions and fluorescence in this spectral region. However,
the simplicity advantage comes at the cost of a significant decrease in the amount of
biochemical information available, as compared with the LWN window. Furthermore,
the spectral contributions from water in the HWN window may become significant if
the methods presented here are applied to the Raman analysis of cells in an aqueous

environment.
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5.4.4 LWN vs. HWN spectral windows

Both the LWN and HWN windows are analyzed independently throughout this work
to determine if information can be obtained equivalently from either window. It is
found that biochemical variability due to cell cycle is clearly observable in either win-
dow, and the spectral differences are directly observable in the original data for both
windows (figures 5.5a and 5.5b). However, the LWN window provides information
from many more biomolecules, including multiple contributions from nucleic acids
and amino acids that are not observed as sources of cell cycle variability in the HWN
window. The variability due to changes in cell culture confluency after sub-culturing
is more apparent in the LWN window, due to the strong contributions from the fea-
tures identified in the second PCA component from the asynchronous cell cultures
study (figure 5.3a). Although the trends of the PCA scores for the second components
are similar for both the LWN and HWN windows (figure 5.4), the molecular origins
of the corresponding features in the HWN window component are uncertain (figure
5.3b). Furthermore, the spectral differences arising from this source of variability are
directly observable in the original data only for the LWN window (figure 5.8). There-
fore, in this case the LWN window provides spectroscopic information that is not
available in the HWN window. It is also shown that the LWN window is sensitive to
biochemical changes unique to the G2/M sample from the synchronized cell cultures
study, whereas in the HWN window no spectroscopic differences are observed for the

same sample.

5.4.5 Spectral variability and cell size

All of the single-cell RS measurements presented here are acquired with a fixed sam-
pling volume (~2 x 5 x 10 pm, in x-y-z), which is aligned with the centre of the
selected cell (recall figure 3.5). Therefore, there is the possibility of observing spec-
tral differences that correlate simply with size differences in the cell population. For
example, previous authors [80] have noted that a smaller cell has a higher surface
area to volume ratio than a larger cell, and may therefore yield more biochemical
signals from cell membrane lipids and proteins relative to cytoplasmic and nuclear
biomolecules. However, these authors used direct measurements of the size of each
selected cell, obtained in suspension during optical tweezers RS acquisition, to show
that cell size had no correlation with the ability of RS and PCA to biochemically

discriminate between two cell lines of different average size [80]. In this work, moni-
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toring absolute cell size via direct optical measurements of the cells selected would be
inaccurate due to the lack of 3D cell geometry information in the pellet. However, the
relative cell size distribution for a given culture is well described by the flow cytometry
measurement, of forward scatter intensity, which is acquired from cells in suspension
simultaneously with PI fluorescent intensity acquired for cell cycle analysis. To verify
that the dominant sources of inherent spectral variability observed in this work (as
described by the first and second PCA components in study #1) are not simply due
to changing cell size, the forward scatter intensity distributions of all 8 cell cultures
used in study #1 were inspected, and the changes between cultures were compared
to the trends of the PCA score distributions for each PCA component. The results
of this analysis are summarized below.

From 24 to 72 hours after sub-culturing, there is no detectable change in the
cell size distribution between cultures. From 72 to 96 hours, there is a detectable
shift in the measured distribution towards lower forward scatter intensities, which
is indicative of a higher proportion of smaller cells in the culture.* From 96 to
192 hours after sub-culturing, there is no further detectable change in the cell size
distribution between cultures. However, the PCA results presented here indicate that
the largest source of spectral variability observed in this study (first PCA component)
displays a steady trend of continuing spectral differences occurring from 48 to 192
hours after sub-culturing (figure 5.4). Furthermore, the second largest source of
spectral variability (second PCA component) displays a trend of continuing spectral
differences occurring from 24 to 120 hours after sub-culturing (figure 5.7). Neither of
these sources of variability correlate with the observed changes in the relative cell size
distribution. Therefore, any spectral variability arising from differences in cell size
must be explained by one of the many lower variance PCA components, each of which
explain less than 3% of the total variance for the LWN window, and less than 1% of the
total variance for the HWN window. Differences in cell size may introduce significant
spectral variability when comparing cell lines with large differences in average size,
but within a single cell line this analysis shows that cell size variations are not a

significant source of spectral variability.

*This shift is consistent with the cell cycle analysis (figure 5.2) where between 72 and 96 hours
there is a sharp increase in the fraction of G1 phase cells, which are typically smaller than S phase
and G2 phase cells.
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5.5 Conclusion

The studies in this chapter characterize the inherent sources of spectral variability
between single cells of a human prostate tumour cell line (DU145) cultured in wvitro.
PCA is used to identify spectral differences that correlate with cell cycle progres-
sion and the changing confluency of a cell culture during the first 3-4 days after
sub-culturing. Spectral variability arising from cell cycle progression is (i) expressed
as varying intensities of protein and nucleic acid features relative to lipid features,
(ii) well correlated with known biochemical changes in cells as they progress through
the cell cycle, and (iii) shown to be the most significant source of inherent spectral
variability between cells. The results presented in this chapter provide a foundation
for interpreting spectral variability in subsequent studies, and demonstrate the lev-
els of sensitivity and specificity achieved by the RS acquisition and data processing

techniques developed in this work.
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Chapter 6

Results & Discussion III:
Raman spectroscopy of single
human tumour cells exposed to
ionizing radiation

6.1 Introduction

This chapter presents work published by IOP Publishing (Bristol, UK) in the jour-
nal Physics in Medicine and Biology, entitled “Raman spectroscopy of single hu-
man tumour cells exposed to ionizing radiation in wvitro” [178] (doi:10.1088/0031-
9155/56/1/002), and is reproduced here with permission from IOP Publishing.

This studies presented in this chapter investigate the capability of Raman spec-
troscopy (RS) to study the effects of ionizing radiation on single human tumour cells.
As discussed in section 1.3.3, previous studies have successfully used RS to detect
spectral changes in irradiated aqueous DNA [85, 86], biological membranes [61, 88—
91], and skin and muscle tissues [92, 93]. In addition, a recent study applied RS to
discriminate between responding and non-responding cervical cancers after irradia-
tion [94], although the authors were unable to draw any conclusions regarding the
differences in the biochemical composition of the tissues. To date, Raman techniques
have yet to be applied to investigate the radiation response of single living cells, which
are a vital experimental source from which many advances in radiobiology arise.

In this chapter, human prostate tumour cells (cell line DU145) are cultured in vitro

and irradiated to doses between 15 and 50 Gy with single fractions of 6 MV photons.
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Irradiated and unirradiated cell cultures are re-incubated for varying amounts of
time post-irradiation, up to five days. For each cell, Raman spectra are obtained
from both the LWN region and the HWN region in order to determine the utility
of each spectral window in detecting radiation induced spectral changes. PCA is
used to show that Raman spectra collected from irradiated cells display a measurable
radiobiological effect that is correlated with both dose and post-irradiation incubation
time. The effect is expressed as varying concentrations of specific molecular groups,
assigned to lipids, nucleic acids, amino acids and conformational protein structures,
within irradiated cells as compared to unirradiated cells. PCA is shown to be useful in
discriminating between radiation induced changes in cell spectra and inherent spectral
differences within a cell culture arising from cell cycle progression and other factors,
which are examined in detail in chapter 5. The results of two separate irradiation
experiments are presented in this chapter (sections 6.3.2 and 6.3.3), the latter which
investigates the effect of changing the time of irradiation after the initial preparation

of the cell cultures.

6.2 Methods

The general procedure followed for the irradiation experiments presented below was
to prepare a number of identical cell cultures, and irradiate each cell culture at the
same time while leaving some cultures unirradiated to serve as controls. The remain-
ing live cells were harvested from selected cell cultures for RS at varying time points
(0 to 5 days) post-irradiation, as described in section 3.1.4. For the first experiment
presented below in section 6.3.2, cells were allowed to incubate for ~3.5 days prior
to irradiation in order to avoid measurement of any additional inherent spectral vari-
ability correlated with the incubation time of DU145 cell cultures during the first
3-4 days after sub-culturing (as shown in chapter 5). Spectra were collected from
20 individual cells from 12 cell cultures, according to the protocol depicted in figure
3.2, resulting in 240 spectra collected for each spectral window. The differences in
protocol for the experiment presented in section 6.3.3, which investigates the effect
of changing the time of irradiation after sub-culturing, are provided therein.

Prior to RS analysis, the cell cycle distribution and viability of each culture was
determined with flow cytometry, as described in previous chapters. For the experi-
ment presented in section 6.3.2, the fraction of live cells in the harvested samples was

over 95% for all cultures, with the exception of the irradiated 120 hours sample which
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had a live cell fraction of ~90%.
RS acquisition and data processing was performed as described previously. No
spectral variability arising from the quartz substrate was observed in the experiments

in this chapter; as such, no filtering was performed with PCA.

6.3 Results

6.3.1 Single DU145 cell spectrum

The LWN and HWN spectral window Raman spectra for a single unirradiated DU145
cell from this work are shown in figure 6.1. The spectral features and molecular as-
signments observed in the single DU145 cell spectra presented in the previous chapter
(figure 5.1 and table 5.1) are reproduced in the studies presented here, and the spectra

are provided herein (figure 6.1) for ease of reference.
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Figure 6.1: Raman spectra of a single unirradiated DU145 cell, for the (a) LWN
and (b) HWN spectral windows; the Raman shift and molecular origin of identifiable
features are provided [59, 75, 92, 118-121]. Abbreviations - p: protein, 1: lipid,
d: DNA/RNA, A: adenine, T: thymine, G: guanine, C: cytosine, U: uracil, Phe:
phenylalanine, Tyr: tyrosine, Trp: tryptophan, bk: backbone, def: deformation, tw:
twist, sym: symmetric, asym: asymmetric, str: stretch.
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6.3.2 Irradiated vs. unirradiated cells

LWN window: First PCA component

As described in section 6.2, a total of 240 LWN window cell spectra were collected
over the course of this experiment. The first PCA component (figure 6.2a) describes
the most significant source of spectral variability, which in this case is 48.8% of the
total variance in the data set. As before (chapter 5), molecular origins can be assigned
to many of the positive and negative features in the component (figure 6.2a). The
positive features in the component are exclusively nucleic acid and protein in origin,
with nucleic acid features arising from DNA and RNA bases and the DNA backbone,
and protein features arising from aromatic amino acids (phenylalanine, tryptophan
and tyrosine) and (-sheet amide groups. Conversely, the negative features in the com-
ponent are dominated by lipid contributions from cholesterol, choline, CH, twisting,
CH, and CH deformation, and C-C, C=C and C=0 stretching, with some overlap of
protein features at 1065, 1080, 1267, 1460, and 1656 cm ™! arising from C-N stretch-
ing, CH deformation and a-helix amide groups. It cannot be determined whether the
variability described by these overlapping negative features is uniquely lipid or protein
in origin, but since the rest of the negative features in the component are uniquely
lipid, it is likely that lipids are contributing in part to the negative nature of these
features as well. To summarize, the positive features in the first PCA component
arise from nucleic acids and proteins, whereas the negative features arise primarily
from lipids.

Recall that any spectrum with a higher (i.e., more positive) PCA score for a given
PCA component contains a proportionately higher amount of the positive features,
and lower amount of the negative features, from that component. For the first PCA
component, positive scores are correlated with increased nucleic acid and protein
content, and negative scores are correlated with increased lipid content. The PCA
scores for the 240 spectra in this experiment (figure 6.2b) are grouped by time of RS
acquisition and by irradiated dose for each sample. For the unirradiated cultures, the
average nucleic acid and protein content relative to the average lipid content stays
relatively constant until decreasing from 48 to 72 to 120 hours after time of irradiation.
For the irradiated cultures, the average nucleic acid and protein content relative to
the average lipid content is consistent with the unirradiated cultures at 0 and 24 hours
post-irradiation, decreases by 48 hours post-irradiation, and remains fairly constant
from 48 to 120 hours post-irradiation. Overall, the PCA scores for the first PCA
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component show no clear separation between the irradiated and unirradiated cell
cultures as a function of dose or incubation time post-irradiation.

In chapter 5 (and in the corresponding publication [168]) it is shown that the vari-
ability expressed by this first PCA component during RS analysis of single DU145
cells arises from inherent cell cycle variability between cells, both within a given cul-
ture and between different cultures (discussed further in section 6.4.1). In the current
work, the observed changes in the average nucleic acid and protein content relative
to the average lipid content of unirradiated cells as a result of different incubation
times after sub-culturing (figure 6.2b) are consistent with previous observations, and
are also consistent with known changes in the biochemical composition of cells in
cultures allowed to incubate for longer times after sub-culturing [17, 18, 83]. In all
studies performed to date with irradiated and unirradiated DU145 cell cultures, cell
cycle variability has consistently remained the largest source of spectral variability
observed within a given data set (typically 40-60% of the total variance), and is of-
ten easily identifiable in the original spectra. To demonstrate this last point, the
Raman spectra and Raman difference spectrum for two unirradiated cells (cells #41
and #214) with a large separation in PCA score (figure 6.2b) are shown in figure
6.2¢, along with the first PCA component for comparison. Nearly all of the features
previously identified in the component (figure 6.2a), which describes the spectral
variability due to cell cycle in the entire data set, are directly observable in the dif-
ference spectrum of two cells with a large separation in PCA score for the first PCA

component.

LWN window: Second PCA component

The second PCA component (figure 6.3a) describes the second most significant source
of spectral variability in the data set (14.4% of total variance), which is independent of
the existing variability due to cell cycle described by the first PCA component (figure
6.2). As before, by comparing the features in the component with known molecular
Raman shifts (figure 6.1a), molecular origins can be assigned to many of the positive
and negative features in the component. The positive features include contributions
from aromatic amino acids, C-C and C-N stretching and CH deformation in proteins,
CH, twisting and CH and CH, deformation in lipids, and a combined contribution
from the nucleic acid bases A and G and CH deformation in proteins. The negative
features include contributions from choline, O-P-O stretching in lipids and RNA, C-C

stretching in lipids, random coil amide groups, the nucleic acid bases and the DNA
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Figure 6.2: First PCA component results for the LWN window. (a) First PCA
component (48.8% of total variance), with Raman shifts and molecular origins (figure
6.1a) of identifiable features. Abbreviations - as in figure 6.1. (b) PCA scores for
the first PCA component. Different markers categorize all 240 cells by time of RS
acquisition after irradiation. The average score and standard deviation is shown
for each sample for visualization of the trends in the data. (¢) Raman spectra and
Raman difference spectrum for two unirradiated cells (#41 and #214) with a large
difference in PCA score. Also shown is the first PCA component, which has been offset
and rescaled for comparison with the unscaled difference spectrum. Wavenumbers
are provided for any known features in the component which are observable in the
difference spectrum.
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backbone, and a combined contribution from lipid =CH deformation and a-helix

amide groups. The sharp negative feature at 1660 cm™*

arises from amide groups as
well, and is likely a combined contribution from a-helix (1656 cm™') and random coil
(1669 cm™!) amide groups. Since the negative features from the nucleic acid bases A
and G at 1486 and 1577 cm ™! have no overlapping contributions from other molecules,
it is likely that the positive nature of the combined feature at 1340 cm™! is from CH
deformation in proteins (which also contributes positively at 1460 cm™!) rather than
from the nucleic acid bases A and G. The positive feature at 1421 cm~! is tentatively
assigned to CHy groups in the backbone of nucleic acids, but the accuracy of this
assignment is uncertain due to contradicting literature sources [75, 92, 119, 120].

The PCA scores (figure 6.3b) for the second PCA component display no separation
between the 50 Gy and 0 Gy cell cultures immediately after irradiation (p = 0.15).
However, the average PCA scores show a clear separation after 24 hours (p < .0001),
which increases steadily from 24 to 120 hours post-irradiation. Furthermore, at 72
hours post-irradiation there is a steady decrease in the PCA scores as the dose in-
creases from 0 to 15 to 30 to 50 Gy (p < .0001 for each increase in dose). These trends
in the PCA scores show that the biochemical changes described by the second PCA
component (figure 6.3a) are correlated with both the incubation time post-irradiation
and the irradiated dose after a fixed incubation period.

In this study the radiation induced spectral variability explains much less of the
total percent variance than the inherent spectral variability due to cell cycle (14.4%
for radiation vs. 48.8% for cell cycle). As such, it is difficult to directly observe
radiation induced spectral changes in the Raman difference spectrum from two cells.
However, if the chosen cells have a large difference in PCA score for the second PCA
component and a small difference in PCA score for the first PCA component (i.e.,
large spectral differences caused by radiation and small spectral differences due to
cell cycle), the radiation induced spectral changes are clearly visible in the Raman

difference spectrum (figure 6.3c).

LWN window: Other PCA components

The third PCA component for the LWN window (figure 6.4a) explains 4.7% of the to-
tal variance. The features in the component are dominated by derivative-like features
centred at the positions of the sharpest and steepest Raman features in the spectral
window, most notably at the phenylalanine ring breathing peak at 1003 cm™!. These

features in a PCA component indicate variability arising from shifts in the calibra-
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Figure 6.3: Second PCA component results for the LWN window. (a) Second PCA
component (14.4% of total variance), with Raman shifts and molecular origins (figure
6.1a) of identifiable features. Abbreviations - as in figure 6.1. (b) PCA scores for
the second PCA component. Different markers categorize all 240 cells by time of RS
acquisition after irradiation. The average score and standard deviation is shown for
each sample for visualization of the trends in the data. (c) Raman spectra and Raman
difference spectrum for two cells (#217 and #234) with a large difference in PCA
score for the second PCA component and a small difference in PCA score for the first
PCA component. Also shown is the second PCA component, which has been offset
and rescaled for comparison with the unscaled difference spectrum. Wavenumbers
are provided for any known features in the component which are observable in the
difference spectrum.
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tion of the Raman system. The trend displayed by the score plots for this component
(figure 6.4b) correlates well with measured shifts in the Raman calibration over the 5
day sample collection period, which were monitored by measuring the peak position
of the 520 cm™! feature of the instrument-based silicon sample before and after RS
collection each day. Before RS collection, it was first verified that the initial calibra-
tion of the system was within 0.5 cm™! of the calibration performed on the first day
of collection, which translates to a maximum shift in the system calibration of less

than one pixel (1 pixel ~ 0.9 cm™!, at 1003 cm™?) for all 240 spectra collected.
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Figure 6.4: (a) Third PCA component (4.7% of total variance) and (b) PCA scores
for the LWN spectral window. Different markers categorize all 240 cells by time of
RS acquisition after irradiation. The average score and standard deviation is shown
for each sample for visualization of the trends in the data.

In this study, the third PCA component is the last component that displays any
trend in the PCA score plots, and each of the remaining 236 PCA components explains
less than 4% of the total variance, suggesting that all useful biological information in

the data set is contained within the first two PCA components.

HWN window

Recalling figure 6.1b, the HWN window spectrum of a single cell is a superposition
of broad features arising primarily from the stretching of CHy and CHj3 groups in
proteins and lipids. The first PCA component for the HWN window (figure 6.5a)
explains 88.9% of the total variance. The positive features in the component arise
from proteins and aromatic groups, whereas the negative features are uniquely lipid

in origin, thus matching the biomolecular separation observed in the first PCA com-
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ponent for the LWN window (figure 6.2a). The HWN window PCA scores for the
first PCA component (figure 6.5b) show a nearly identical trend as the LWN window
PCA scores (figure 6.2b). As shown in chapter 5 (and the corresponding publication
[168]), for DU145 cells this HWN window first PCA component arises from the same
inherent cell cycle variability observed in the LWN window spectra, and typically
explains 75-90% of the total variance in the data set, as opposed to 40-60% for the
LWN window first PCA component.
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Figure 6.5: First and second PCA component results, for the HWN window. (a)
First and (c) second PCA components (88.9% and 2.1% of total variance, respec-
tively), with Raman shifts and molecular origins (figure 6.1b) of identifiable features.
Abbreviations - as in figure 6.1. (b) & (d) PCA scores for the (b) first and (d) second
PCA components. Different markers categorize all 240 cells by time of RS acquisition
after irradiation. The average score and standard deviation is shown for each sample
for visualization of the trends in the data.
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The second PCA component for the HWN window (figure 6.5¢) explains only
2.1% of the total variance, yet still contains several identifiable features that are
consistently reproduced during similarly conducted DU145 irradiation experiments.
However, the validity of assigning molecular origins to features in the component is
somewhat uncertain due to their broad and somewhat noisy nature. Despite this
uncertainty, the HWN window PCA scores (figure 6.5d) display a separation in the
average PCA score correlated with both the incubation time post-irradiation and the
irradiated dose after 72 hours, which is similar to what is observed for the LWN
window PCA scores for the second PCA component (figure 6.3b). However, for the
HWN window the separation in PCA scores between 0 Gy and 50 Gy samples is
less pronounced at all time points than for the LWN window. Furthermore, the dose
dependance of the PCA scores at 72 hours post-irradiation is not reproduced between
30 and 50 Gy, and the incubation time dependence of the PCA scores for the 50 Gy
samples is not reproduced between 48 and 72 hours post-irradiation (figure 6.5d).

The remaining PCA components for the HWN window each explain less than 1%
of the total variance. The components have no identifiable features and the PCA
scores do not display any trends, suggesting that all useful biological information in
the data set is contained within the first two PCA components (as was the case for
the LWN window data set).

Reproducibility

The results presented above have been reproduced in three separate experiments with
DU145 cells (including the experiment discussed below in section 6.3.3). The first and
second PCA components for the LWN and HWN window (e.g., figures 6.2a and 6.3a,
LWN window) were consistently reproduced. Furthermore, for both spectral windows
the PCA scores for the first PCA component followed the expected trend for changes
in the cell cycle distribution, and the PCA scores for the second PCA component
displayed similar separations in average PCA score, correlated with dose and incuba-
tion time post-irradiation, as is observed for the irradiated and unirradiated samples
presented here (e.g., figures 6.2b and 6.3b, LWN window). In the first of these ex-
periments, only 80 spectra were obtained for each spectral window. Even though
far fewer spectra were obtained compared to the experiment presented above (240
spectra for each window), the features in the first and second PCA components and

the trends in the corresponding score plots were successfully reproduced.
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6.3.3 Effect of time of irradiation after sub-culturing

Additional experiments have been performed with DU145 cells using the same irra-
diation and RS acquisition protocols as in the experiment presented in section 6.3.2
(except no data was collected at 48 hours post-irradiation), with the important dif-
ference being that cells were irradiated ~1 day after sub-culturing (at a confluency
of 20-30%), instead of ~3.5 days after sub-culturing (at a confluency of 70-80%). In
chapter 5 (and the corresponding publication [168]), it is shown that there is inher-
ent spectral variability observed in the LWN window Raman analysis of single cells
from in vitro DU145 cell cultures, independent of the existing cell cycle variability,
which is correlated with the incubation time of the cell culture up to 3-4 days af-
ter sub-culturing. It is also shown that this extra inherent source of variability is
not observed if RS analysis began 3-4 days after sub-culturing, or later (recall figure
5.7a). As such, during these additional DU145 irradiation experiments radiation in-
duced spectral differences were observed alongside spectral differences associated with
inherent biochemical changes due to incubation time, both of which are correlated
with the time of RS analysis after sub-culturing. These competing effects were sub-
sequently observed in the second and third PCA components for the LWN window
(figure 6.6). The LWN window results from one of these experiments are presented
below.

The first PCA component from this experiment (explaining 38.6% of the vari-
ance) and the corresponding PCA scores (not shown) are both very similar to the
corresponding results from the experiment in section 6.3.2 (figure 6.2), and similarly
describe the inherent cell cycle variability in the data. The second PCA component
(figure 6.6a) explains 15.5% of the variance, and contains nearly identical features as
the second PCA component from the experiment in section 6.3.2 (figure 6.3a), which
explains a comparable amount of the total variance (14.4%) in that data set. The
PCA scores for the second PCA component (figure 6.6b) confirm that the spectral
differences described by the second PCA component are correlated with both the
incubation time post-irradiation and the irradiated dose after 72 hours; however, the
trend of increasing separation in the average PCA score with increased incubation
time is slightly reversed between 72 and 120 hours, unlike the corresponding PCA
score results from the experiment in section 6.3.2 (figure 6.3b). A possible explana-
tion for this discrepancy is provided below. The third PCA component (figure 6.6¢)

explains 8.1% of the variance, and is not observed in the experiment presented in
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Figure 6.6: Second and third PCA component results, for the LWN window, from a
radiation experiment with cells irradiated at 20-30% confluency. (a) Second and (c)
third PCA components (15.5% and 8.1% of total variance, respectively), with Raman
shifts and molecular origins (figure 6.1a) of identifiable features. Abbreviations - as in
figure 6.1. (b) & (d) PCA scores for the (b) second and (d) third PCA components.
Different markers categorize all 200 cells by time of RS acquisition after irradiation.
The average score and standard deviation is shown for each sample for visualization
of the trends in the data.
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section 6.3.2. This new component arises from the additional inherent biochemical
variability correlated with the incubation time of DU145 cell cultures in the first 3-
4 days after sub-culturing. Almost all of the features in the third PCA component
presented here are also observed in PCA components derived from RS studies of unir-
radiated DU145 cell cultures (figure 5.6a in chapter 5). The average PCA scores for
the third PCA component (figure 6.6d) increase from 0 to 72 hours post-irradiation
(i.e., 1 to 4 days after sub-culturing), for both unirradiated and irradiated samples.
From 72 to 120 hours post-irradiation there is no noticeable change in the average
PCA score for the unirradiated samples (consistent with previous observations [168]),
and a clear decrease in the average PCA score for the irradiated sample. A possible
explanation for this decrease, and for the corresponding aberrant increase in aver-
age PCA score for the second PCA component, arises from the presence of several
spectral features appearing in both the second and third PCA components. As such,
the respective sources of spectral variability caused by irradiation and by incubation
time after sub-culturing may not be completely separated into each component. Since
the biochemical changes from each effect occur over similar time scales there may be
some “mixing” of these two components.! Due to the competing biological changes
described by the third PCA component, the degree to which the radiation induced
spectral variability is uniquely described by the second PCA component in this ex-
periment is unclear. Nevertheless, the similarity of the second PCA component and
the corresponding PCA score plot with the results presented in section 6.3.2 lends
weight to the conclusion that radiation induced spectral variability is well described
by the features in the second PCA component of such irradiation RS experiments on
DU145 cell cultures.

6.4 Discussion

6.4.1 First PCA component: Cell cycle variability

In the experiments presented in this chapter, the largest source of spectral variability

between single live cells, explained by the first PCA component (figure 6.2a) as varying

"The HWN window results for this experiment (not shown) corroborate this hypothesis. The
inherent spectral variability correlated with the incubation time of DU145 cell cultures in the first
3-4 days is much reduced in the HWN window as compared to the LWN window, as shown in
chapter 5. As such, in the irradiation experiment described here the HWN window PCA scores for
the second PCA component do not show the same decrease in average score separation between 72
and 120 hours that is observed for the LWN window PCA scores (figure 6.6b).
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concentrations of proteins and nucleic acids relative to lipids, arises from inherent
differences in cell cycle between cells within a given culture and between cultures.
Therefore, irradiation of DU145 cell cultures does not induce more spectral differences
in the Raman spectra of surviving cells, up to 5 days post-irradiation, than what is
already explained by cell cycle biochemical differences. However, the delivery of high
doses of radiation may significantly alter the cell cycle distribution of a culture over
time [31], irrespective of any uniquely radiation induced biochemical changes. Hence,
the cell cycle distributions of all cultures collected in this work were measured with
flow cytometry (figure 6.7) to verify that the observed cell cycle distributions were
consistent with the spectral variability described by the first PCA component (section
6.3.2, figure 6.2).
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Figure 6.7: Flow cytometry analysis of unirradiated (0 Gy, top row) and irradiated
(50 Gy, bottom row) cell cycle distributions. The number of hours shown is the
incubation time of the culture after irradiation.

The cell cycle distributions of the unirradiated cell cultures (top row, figure 6.7)
remain relatively unperturbed until ~72 hours where there is a significant increase in
the fraction of G1 phase cells and a corresponding decrease in the fractions of S and
(G2 phase cells, a trend that continues for the 120 hours cell culture. This observation
is expected, since by 72 hours the unirradiated cell cultures had reached confluency
and had begun to progress into a less proliferative state with an increased fraction
of quiescent (nonproliferating G1 phase, or ‘G0’ phase) cells. The PCA scores for

the first PCA component for the unirradiated cell cultures are well correlated with



149

these changes in the cell cycle distributions, as the PCA scores (figure 6.2b) indicate
that the average protein and nucleic acid content relative to lipid content remains
relatively constant until decreasing continually from 48 to 72 to 120 hours. This trend
is consistent with previous observations (chapter 5 and the corresponding publication
[168]) and with known cell cycle related biochemical changes in nonproliferative and
actively cycling cells [17, 18, 83].

At all times after irradiation the cell cycle distributions of the irradiated cell cul-
tures (bottom row, figure 6.7) are significantly altered from a cell cycle distribution
characteristic of an asynchronously dividing proliferative culture (i.e., the two left-
most panels in figure 6.7). However, from 0 to 24 hours post-irradiation the PCA
scores for the irradiated cultures are similar to the PCA scores for the unirradiated
cultures, whereas the 50 Gy irradiated cultures at 48, 72 and 120 hours have lower
PCA scores with average values comparable to the average PCA score for the 120
hours unirradiated culture (figure 6.2b). Recall that flow cytometry is used here to
measure the relative DNA content of cells. As such, at 24 hours after irradiation the
surviving cells have begun to be arrested in G2 phase (double the DNA content of a
G1 phase cell). The G2 arrest is most pronounced for the 48 and 72 hours samples,
and for each of the 24, 48 and 72 hours samples a distinct G1 peak is not observed.
At 120 hours post-irradiation a G1 peak is observed, possibly due to some fraction of
G2 arrested cells having successfully repaired enough radiation damage to progress
through a mitotic division. The type of cell cycle redistribution observed here in
response to single high doses of photons is consistent with results reported from a
previous radiation study with DU145 cells, where the measured fraction of G2 cells
approached 50% at 72 hours after irradiation to 20 Gy [179].

In chapter 5 (and the corresponding publication [168]) it is shown that between
late G1, S and G2 phase cells, the differences in nucleic acid and protein content
relative to total lipid content are very small, as measured with RS (recall figure 5.12).
The largest cell cycle related spectral differences arise from early G1 cells, which are
known to have the lowest levels of RNA and protein among actively proliferating cells
[17, 18]. Even more pronounced spectral differences are observed for nonproliferative
cells [83, 168], which are known to have an even lower RNA and protein content
than early G1 cells [17, 18]. Since the irradiated cell cultures in this work become
nonproliferative as a result of radiation damage (figure 6.7), the observed decrease in
the average nucleic acid and protein content relative to lipid content of the irradiated

cell cultures from 48 to 120 hours post-irradiation (figure 6.2b) may be explained
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by radiation induced nonproliferation causing similar cell cycle related biochemical
changes as those observed in unirradiated nonproliferative cultures. However, the

possible biological mechanisms responsible for such changes are unknown.

6.4.2 Second PCA component: Radiation induced effects

The second PCA component in this study (figure 6.3a) describes RS spectral differ-
ences that are independent from the existing cell cycle related spectral differences
described by the first PCA component. The PCA scores (figure 6.3b) show that
the magnitude of the spectral differences increases with the incubation time post-
irradiation and with the irradiated dose after a fixed incubation period. The separa-
tion in PCA score distributions between the 50 Gy irradiated and the unirradiated
cultures is not significant immediately after irradiation (p = 0.15 at 0 hrs), but is
statistically significant by 24 hours (p < .0001), and at all times afterwards. At 72
hours post-irradiation, increasing the dose from 0 to 15 to 30 to 50 Gy results in
corresponding statistically significant decreases in the PCA scores (p < .0001 for any
pair of samples). The additional experiments described in sections 6.3.2 and 6.3.3
confirm that the spectral differences described by the second PCA component (figure
6.3b, section 6.3.2) are indeed radiation induced effects.

These results show that over time, DU145 cells in culture irradiated to single high
doses display increased levels (negative features in second PCA component for the
LWN window, figure 6.3a) of choline, O-P-O groups in lipids and RNA, C-C and =CH
groups in lipids, random coil and a-helix amide groups, nucleic acid bases and DNA,
as well as decreased levels (positive features in second PCA component for the LWN
window, figure 6.3a) of aromatic amino acids, C-C, C-N and CH groups in proteins,
CH, groups in nucleic acids, and CH, and CH groups in lipids. No wavenumber shifts
or changes in the spectral line shapes of Raman features are observed post-irradiation
(e.g., figure 6.3c), indicating that the spectral changes observed here are the result
of biological responses to radiation, rather than chemical changes (further discussed
below). The Raman spectral changes corresponding to these biochemical changes are
summarized in table 6.1.

It should be emphasized that these biochemical changes occur independent from
any biochemical changes related to cell cycle progression described by the first PCA
component, even though the cell cycle progression of the cultures are altered by

irradiation (section 6.4.1, figure 6.7). The spectral differences described by the second
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Table 6.1: Raman spectral changes correlated with dose (0 to 50 Gy) and post-
irradiation incubation time (0 to 120 hours), observed in irradiated DU145 cells.
T/ | = increased / decreased Raman intensity with increased dose and incubation
time (see figures 6.3a and 6.3b). Abbreviations - as in figure 6.1.

Raman Shift Molecular Raman
(cm™1) Assignment Intensity
DNA/RNA U, C, T ring br,
7844 O-P-O str bk bl
811 O-P-O str RNA T
1421 CH, bk 1
1486 A G T
1577 A G T
Proteins 759 Trp ring br 1
853 Tyr ring br 1
936 C-C str bk, a-helix 1
1003 Phe ring br l
1032 C-H Phe 1
1127 C-N str 1
1230 Amide IIT rand coil T
1267 Amide IIT a-helix T
1340 & 1460 CH def l
Amide I a-helix
1660 { Amide I rand coil bl
Lipids 719 Choline T
811 O-P-0O str T
877 Acyl Cy-Cy str T
975 Head C-C str T
1127 Chain C-C str 1
1267 =CH def T
1300 CH; tw 1
1438 CH, def 1
1460 CH def !
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PCA component are uniquely radiation induced biochemical changes in single DU145
cells. Interestingly, the biochemical nature of the observed radiation response is the
same for all surviving cells analyzed from 24 to 120 hours post-irradiation, and it
is the magnitude of the observed biochemical changes that increases with the post-
irradiation incubation time and the irradiated dose. It should also be emphasized that
since there is no significant separation in the PCA score distributions between the
50 Gy irradiated and the unirradiated cultures immediately after irradiation (figure
6.3b, ‘0 hrs 0 Gy’ vs. ‘0 hrs 50 Gy’), the current acquisition and analysis methods
are only sensitive to biochemical changes describing the response of single cells to
irradiation over time, and are not sensitive to the immediate physical or chemical
changes caused by direct or indirect radiation damage.

Several studies have investigated radiation induced changes in cultured cells with
other methods, such as Fourier transform infrared microscopy (FTIRM) and mag-
netic resonance spectroscopy (MRS). Direct comparisons of the FTIRM studies with
the RS results presented here are difficult due to the different molecular sensitiv-
ities between FTIR and RS, the different spectral processing methods used (most
notably the method of normalization), the different time intervals between irradia-
tion and analysis, and the presence or absence of cell cycle related spectral changes.
However, three previous FTIRM studies [180-182] have reported radiation induced
spectral changes in HaCaT cells (non-tumourogenic immortalized keratinocyte cell
line), many of which corroborate the results presented here (table 6.1). All three
studies reported changes in conformational protein structure, decreases in tyrosine
signal, and decreases in CHs lipid signal after irradiation, each of which support the
spectral changes observed here (table 6.1). Furthermore, the most recent FTIRM
study [182] also observed spectral features changing with increased dose and incuba-
tion time, up to 96 hours post-irradiation, qualitatively matching the trends observed
in our study. One MRS study [133] examined changes in metabolites in HeLa cells
after similar doses (40 Gy) and post-irradiation incubation times (24 to 72 hours) as
used in the current work. This MRS study identified an increase in choline signal
that correlated with increased incubation time post-irradiation, which qualitatively
corroborates the spectral changes in choline intensity observed here (table 6.1).

Although previous studies have reported on the use of RS to detect radiation
induced biochemical changes in biological systems, it is difficult to corroborate the
results of previous Raman studies with the results presented here because the biologi-

cal systems undergoing irradiation are completely different. Raman studies have been
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performed on isolated DNA [85, 86], lipid membranes [61, 88-91], proteins [61, 89, 90]
and tissues [92, 93]. In this work, the biochemical changes observed reflect the re-
sponse of single cells to irradiation over time, rather than chemical changes caused
by direct radiation damage. In effect, this study observes the biological radiation
response of surviving cells,* as opposed to a physical or chemical radiation response.
Furthermore, this study observes radiation induced spectral changes independent of
any spectral changes arising from differences in cell cycle progression, which are ob-
served concurrently with any radiation induced effects. Therefore, Raman studies
such as those mentioned above are generally expected to yield different results than a
Raman study performed with cells in culture. This study is the first time vibrational
spectroscopy has been applied to a living biological system to observe radiation in-
duced biochemical changes that are independent of biochemical changes arising from

concurrent cell cycle or cell death related processes.

6.4.3 LWN vs. HWN spectral windows

The HWN window offers several technical advantages over the LWN window, such
as reduced background fluorescence, reduced acquisition time to cover the spectral
window, and simplified baseline estimation. However, there is a considerably higher
number of detectable molecular groups in the LWN window, which may translate
into an increased diagnostic benefit for measuring radiation induced effects. For
the experiment presented in section 6.3.2, there is an increase in the PCA score
separations between unirradiated and irradiated cultures for the LWN window (figure
6.3b) as compared to the HWN window (figure 6.5d). Furthermore, the observed trend
of increased score separation with incubation time and dose is not consistent for all
samples in the HWN window, as is observed for the LWN window. Specifically, the
LWN window trend is reproduced in the HWN window data for all cultures except
the ‘72 hrs 50 Gy’ culture (figure 6.5d). The exact cause of this specific discrepancy
is unclear, but is likely due to the very small number of molecular groups available for
detection in the HWN window compared to the LWN window, thus decreasing the
sensitivity of detecting subtle molecular changes with RS and PCA. This hypothesis is
supported by the very low percent variance explained by the second PCA component
for the HWN window of 2.1%, as compared to 14.4% for the LWN window. A

It should be noted that in general the surviving cells analyzed in this work are not viable
clonogenic cells, but are rather functioning metabolizing cells that would likely have undergone cell
death if allowed to incubate for longer periods of time.
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final disadvantage of the HWN window is that the biomolecules responsible for the
radiation induced effects, as given by the features in the second PCA component,
cannot all be assigned with confidence. In summary, for the application of RS to
study radiation induced effects in single cells, the LWN window provides increased

diagnostic utility and more biochemically useful information.

6.5 Conclusion

This chapter presents the first use of RS to observe radiation induced biochemical
changes in single human cells cultured in wvitro. The sensitivity of RS to different
types of biomolecules in a single acquisition allows the noninvasive and nondestruc-
tive observation of radiation induced effects in single living cells. PCA is shown to
effectively discriminate between radiation induced spectral changes and other inher-
ent sources of spectral variability, such as those arising from cell cycle. The radiation
induced spectral changes in irradiated DU145 cells are assigned to various nucleic
acids, lipids, amino acids and conformational protein structures (table 6.1), and are
found to correlate with both the irradiated dose (0 to 50 Gy) and the post-irradiation
incubation time (0 to 120 hours). This successful demonstration of the sensitivity of
RS to radiation induced changes in single cells makes RS an attractive modality for

further radiobiological studies of living biological systems.
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Chapter 7

Results & Discussion IV:
Biochemical signatures of radiation
response in lung, breast and
prostate tumour cells

7.1 Introduction

The previous chapter demonstrates the sensitivity of RS to radiation induced changes
in single DU145 cells, proving that RS is indeed an attractive modality for further
radiobiological studies. As such, the radiation response of different cell lines is inves-
tigated here with RS. Of immediate interest in radiobiology is the biochemical reason
for differences in intrinsic radiosensitivity across different cell lines. The purpose
of the studies and analyses presented in this chapter is to investigate any correla-
tion between the biochemical radiation response observed with RS and the intrinsic
radiosensitivity of a variety of tumour cell lines.

This chapter presents the results from two studies. The first study, presented in
sections 7.2 to 7.4, uses previous techniques and protocols (chapter 6) to investigate
the in wvitro radiation response of a variety of human tumour cell lines that vary
by tissue of origin, p53 gene status and intrinsic radiosensitivity (quantified by the
surviving fraction after 2 Gy (SF2)). The second study, presented in sections 7.5 and
7.6, investigates the radiation response of a mouse prostate tumour cell line (TRAMP-
C2), investigated both in vitro (using previous techniques and protocols) and in vivo,

by irradiation of solid tumours grown in mice.
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The first study extends the previous methods used for DU145 cells (chapter 6) to
a panel of seven human tumour cell lines derived from prostate (DU145, PC3, LNCaP
and PacMet), breast (MDA-MB-231 and MCF7) and lung (H460). Within the tested
cell lines, RS acquisition in the LWN spectral window and application of PCA is
shown to detect biochemical radiation response signatures that segregate according
to intrinsic radiosensitivity and pb3 status. For all cell lines, PCA effectively distin-
guishes radiation induced biochemical changes from any biochemical changes arising
from cell cycle differences or other factors. The observed radiation response signatures
indicate changes in the cellular concentration of aromatic amino acids (tyrosine, tryp-
tophan and phenylalanine), conformational protein structures (a-helices, S-sheets and
random coils), and certain nucleic acid and lipid functional groups. These radiation
induced biochemical changes are detected within the first 1-3 days post-irradiation.
Many of the observed biochemical changes are consistent with known cellular response
mechanisms to radiation exposure (e.g., synthesis and degradation of structured pro-
teins), whereas others may be novel discoveries. The observed relationship between
the RS radiation response signatures and intrinsic radiosensitivity may indicate the
detection of biochemical mechanisms of radiation resistance or sensitivity with RS.
Some candidate processes for such mechanisms are discussed (section 7.4.3).

The second study presents a preliminary comparative investigation of in wvitro ver-
sus in vivo radiation response as measured with RS, using the mouse prostate tumour
cell line TRAMP-C2. This study is a pilot experiment performed in collaboration
with members of the Radiation Cancer and Immunotherapy Theme (RCIT) group at
the BC Cancer Agency’s Vancouver Island Centre, who were independently investi-
gating the interaction between radiation and the immune system using TRAMP-C2
tumours grown and irradiated in immunocompetent mice (i.e., mice with intact im-
mune responses). As such, the protocols for tumour growth and irradiation (section
7.5.3), and the cell line used (TRAMP-C2), were determined by the RCIT group
and the University of Victoria’s Animal Care Committee. In this work the in wvitro
radiation response of the TRAMP-C2 cell line is investigated using the same meth-
ods and protocols used for the other in witro irradiation experiments presented in
the first study. The in vivo radiation response is investigated by implanting tumour
cells into the subcutaneous flank of mice, monitoring solid tumour growth, irradiating
the solid tumours, and then extracting both irradiated and unirradiated tumour cells
for RS analysis post-irradiation. A weak radiation response signature is observed in

vitro, which correlates with many of the response signatures obtained from the hu-
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man tumour cell lines. A similar yet strengthened response signature is observed in
vivo. However, the TRAMP-C2 spectral variability assigned as a radiation induced
response, observed both in vitro and in vivo, is also observed from TRAMP-C2 data
sets comprised of only unirradiated tumour cells. Possible explanations for this are
discussed, with respect to the radiation responses observed in witro for the human
tumour cell lines. Difficulties associated with the in vivo pilot study, and possible

resolutions, are briefly discussed (section 7.6.4).

7.2 Materials & Methods: Study #1

The cell lines used in this study vary according to p53 status and average reported
radiosensitivity (see section 7.3.5), given by average SF5. The SF, values quoted here
are calculated from literature data from 4 or 5 different laboratories per cell line |26,
55, 183-195] whose methods closely approximate accepted protocols for clonogenic
survival assays [27]. However, no radiosensitivity parameters for the PacMet cell line
have been reported to date.

Prior to RS analysis, the cell cycle distribution and viability of each culture was
determined with flow cytometry, as described previously. For all experiments in this
work, the fraction of live cells in the harvested samples was between 75% and 99%.
Any cell spectrum resembling that of a dead cell [59] was rejected during RS data
acquisition. No correlations were found between the viability of harvested cultures
and the RS data collected, confirming that the cell spectra acquired for processing
and PCA analysis were indeed obtained from live cells.

In this study, cultures irradiated to 50 Gy were harvested for RS analysis at 0,
24, 48 and 72 hours post-irradiation, with one unirradiated culture harvested and
analyzed at the same time. As before (chapter 6), cultures irradiated to 15 and 30
Gy were harvested and analyzed at 72 hours post-irradiation. Data from 120 hours
post-irradiation was only acquired if the viability of both cultures exceeded 75%; in
this study the LNCaP, MCF7 and PacMet cell lines did not satisfy this criteria. As
such, for all cell lines in this study only the RS data collected from 0 to 72 hours
post-irradiation is included, in order to facilitate comparisons between data sets.

RS acquisition and data processing was performed as described previously. Only
the LWN spectral window data is presented here, as the analysis of the HWN spec-
tral window data demonstrated an insufficient sensitivity to biochemical radiation

responses in that region. No sources of variability arising from the quartz substrate



158

were observed in this study; as such, no filtering was performed with PCA.

7.3 Results: Study #1

7.3.1 Unirradiated cell spectra

The Raman spectra of single unirradiated DU145 cells, from 600-1800 cm™! (figure
7.1a), and the molecular assignments for the spectral features, are presented and
discussed in previous chapters (and the corresponding publications [168, 178]). For
comparisons with the cell lines used in this study, the averaged Raman spectrum from
20 unirradiated cells for all seven cell lines, harvested and analyzed immediately after
the time of irradiation, is presented in figure 7.1b. All spectral features observed for
DU145 cells (figure 7.1a) are also observed for the other cell lines. There are subtle
differences in the relative intensity of spectral features between cell lines, arising from
inherent differences in biomolecular compositions between tumour cell lines [79] and

slightly different cell cycle distributions between cultures at time of irradiation [168].

7.3.2 Cell cycle spectral variability

The previous studies in chapter 6 (and the corresponding publication [178]), using the
prostate cell line DU145, demonstrate that Raman spectral variability arising from
inherent cell cycle differences between cells is identified by the first PCA component
of a RS data set obtained from both unirradiated and irradiated DU145 cells. In this
study with multiple cell lines, the cell cycle PCA component observed for DU145 cells
(figure 7.1c) is consistently reproduced as either the first or second PCA component
of all data sets (figure 7.1d) and accounts for 10-50% (figure 7.1d) of the total variance
in the data, depending on the cell line. Recall that this cell cycle variability arises
from decreased concentrations of protein and nucleic acids (positive features in the
PCA components, figures 7.1c and 7.1d) relative to lipids (negative features in the
PCA components, figures 7.1c and 7.1d) in early G1 (or GO) phase cells as compared
to late G1, S and G2 phase cells [168].
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Figure 7.1: (a) Sample Raman spectrum of a single unirradiated DU145 cell. (b)
Average spectra from 20 unirradiated cells for the seven cell lines used in this study.
(c) Cell cycle PCA component for the DU145 data set (200 cells). (d) Cell cycle PCA
components for all seven cell lines (200 cells each), with percent variance explained
by each component. The Raman shift and molecular origin of identifiable features
are provided in (a) and (c) [59, 75, 92, 118-121]. Abbreviations - p: protein, 1: lipid,
d: DNA/RNA, A: adenine, T: thymine, G: guanine, C: cytosine, U: uracil, Phe:
phenylalanine, Tyr: tyrosine, Trp: tryptophan, bk: backbone, def: deformation, tw:
twist, sym: symmetric, asym: asymmetric, str: stretch.
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7.3.3 RS radiation response signatures I: Categories R1, R2
and R3

PCA components corresponding to radiation induced biochemical changes (indepen-
dent from cell cycle related changes that are described by the cell cycle PCA com-
ponents, figure 7.1d) are identified by statistically significant (p < 0.05) changes in
the corresponding PCA score distributions for irradiated samples, as compared to
unirradiated samples, in the first 24 to 72 hours after irradiation. In this study, one

radiation induced PCA component is identified for each cell line (figure 7.2).

50.3% H460
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4.7% MDA-MB-231
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Figure 7.2: Radiation induced PCA components for all 7 cell lines, ordered by tissue
of origin, with percent variance explained by each component. The Raman shifts and
molecular origins of identifiable features are provided in figures 7.3a & 7.4a, 7.3c &
7.4c and 7.3e & 7.4e.
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Correlation analysis between the radiation induced PCA components (table 7.1)
indicates that these RS “radiation response signatures” cluster into 3 distinct cate-
gories. The radiation response signatures for the H460, MCF7 and PacMet cell lines
demonstrate the highest correlations (H460 and MCF7: r = 0.87, H460 and PacMet:
r = 0.88, MFC7 and PacMet: r = 0.83) and are therefore assigned to category “R1”.
The highest correlation with the MDA-MB-231 cell line response signature comes
from the PC3 cell line (r = 0.59), and these two cell lines are therefore assigned to
category “R2”. The DU145 and LNCaP response signatures are positively correlated
only with each other (r = 0.51) and are therefore assigned to category “R3”. There
is also consistent correlation between the PCA components in groups R1 and R2
(0.18 < r < 0.67), and consistent anti-correlation between the two PCA components
in group R3 and the other five radiation induced components (—0.13 < r < —0.70).
All correlations values between PCA components in table 7.1 are statistically different
than zero (p < 0.05).

Table 7.1: Correlation r-values between radiation induced PCA components (figure
7.2) for each human tumour cell line (1 = perfect correlation, —1 = perfect anti-
correlation, 0 = no correlation). All correlation values are statistically different than
zero (p < 0.05).

Cell Line H460 MCF7 MDA-MB-231 PC3 DU145 LNCaP PacMet
H460 - 0.87 0.18 0.50 -0.36 -0.17 0.88
MCEFT7 0.87 - 0.20 0.42 -0.27 -0.13 0.83
MDA-MB-231 0.18 0.20 - 0.59 -0.28 -0.18 0.38
PC3 0.50 0.42 0.59 - -0.70 -0.48 0.67
DU145 -0.36 -0.27 -0.28 -0.70 - 0.51 -0.32
LNCaP -0.17 -0.13 -0.18 -0.48 0.51 - -0.22
PacMet 0.88 0.83 0.38 0.67 -0.32 -0.22 -

7.3.4 RS radiation response signatures II: Radiation induced

changes in biomolecules across categories R1, R2 and
R3

The biomolecules responsible for the observed radiation induced PCA components
(figure 7.2) are identified by the positive and negative features in the PCA compo-
nents. Molecular assignments are provided in figure 7.3 for one cell line from each
RS category, using cell lines H460 (R1, figure 7.3a), MDA-MB-231 (R2, figure 7.3c)
and DU145 (R3, figure 7.3e). The radiation induced changes in these biomolecules

are given by the changes in the corresponding PCA score distributions for irradiated
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cultures in the first 1-3 days post-irradiation, relative to the unirradiated cultures
(figures 7.3b, 7.3d and 7.3f). For the PCA score plots shown in figures 7.3b, 7.3d
and 7.3f, all irradiated samples demonstrated statistically significant (p < 0.05) de-
creases in their PCA scores from 24 to 72 hours post-irradiation, when compared with
unirradiated controls.

The radiation induced PCA components and PCA scores for the MCF7 (R1), PC3
(R2) and LNCaP (R3) cell lines are shown in figure 7.4. The PCA scores show similar
changes in their distributions with time and dose as their RS category counterparts
(figure 7.3), although with reduced separations and some losses of significance (p >
0.05) at certain time points, for certain cell lines. The MCF7 (R1) PCA scores (figure
7.4b) for irradiated cultures are significantly decreased from unirradiated cultures at
24 and 48 hours post-irradiation, as are the 15 and 30 Gy cultures at 72 hours
post-irradiation. The 72 hours 50 Gy culture is significantly decreased from the 72
hours 0 Gy culture, but has higher scores than both the 72 hours 15 Gy and the 72
hours 30 Gy cultures. The PC3 (R2) scores (figure 7.4d) for the 50 Gy irradiated
cultures are significantly decreased from the unirradiated cultures at 24, 48 and 72
hours post-irradiation, but the 15 Gy and 30 Gy cultures are not. The LNCaP
(R3) PCA scores (figure 7.4f) for all irradiated cultures are significantly decreased
from the unirradiated cultures from 24 to 72 hours post-irradiation. However, there
are no significant differences in the score distributions between the 15, 30 and 50 Gy
cultures at 72 hours post-irradiation, unlike as was observed for the DU145 (R3) score
distributions (figure 7.3f). The PCA scores for the radiation induced PCA component
for the PacMet (R1) cell line (not shown) demonstrate significant decreases in all
irradiated cultures at 48 and 72 hours post-irradiation, but not at 24 hours post-
irradiation.

For the PCA components from RS categories R1 and R2 (e.g., figures 7.3a, 7.3c,
7.4a and 7.4c), the observed decrease in the PCA scores for irradiated cells (e.g.,
figures 7.3b, 7.3d, 7.4b and 7.3d) corresponds with increases in amino acids, a-helix
protein structure and CH groups (common negative features in R1 and R2 PCA com-
ponents), and with decreases in nucleic acids, CHy groups, and (-sheet and random
coil protein structures (common positive features in R1 and R2 PCA components).
The presence of many common biomolecules in the PCA components between groups
R1 and R2 is reflected by the positive correlation between PCA components in these
groups (table 7.1, 0.18 < r < 0.67). For the RS category R3 components (figures 7.3e
and 7.4e), the observed decrease in the PCA scores for irradiated cells (figure 7.3f)
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Figure 7.3: (a, ¢, e) Radiation induced PCA components: (a) H460, (¢) MDA-MB-231
and (e) DU145 cell lines. Raman shifts and molecular origins of identifiable features
are provided. (b, d, f) PCA scores for the (b) H460, (d) MDA-MB-231 and (f) DU145
radiation induced PCA components. Different markers categorize all 200 cells by time
of RS acquisition after irradiation. The average score and standard deviation is shown
for each sample for visualization of the trends in the data. Abbreviations - as in figure

7.1.
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Figure 7.4: (a, ¢, ) Radiation induced PCA components: (a) MCF7, (c) PC3 and
(e) LNCaP cell lines. Raman shifts and molecular origins of identifiable features are
provided. (b, d, f) PCA scores for the (b) MCF7, (d) PC3 and (f) LNCaP radiation
induced PCA components. Different markers categorize all 200 cells by time of RS
acquisition after irradiation. The average score and standard deviation is shown for
each sample for visualization of the trends in the data. Abbreviations - as in figure
7.1.
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corresponds with decreases in amino acids, a-helix protein structure, and both CHy
and CH groups (common positive features in the R3 PCA components), and with
increases in nucleic acids, (-sheet and random coil protein structures, and choline
(common negative features in the R3 PCA components). The presence of many com-
mon biomolecules in the RS category R3 components that show opposite radiation
induced changes compared to the R1 and R2 components is reflected by the nega-
tive correlation values between PCA components in group R3 and groups R1 and R2
(table 7.1, —0.13 < r < —0.70).

7.3.5 RS radiation response associations with cell cycle ar-
rest, p53 and radiosensitivity

The RS radiation response categories R1, R2 and R3 segregate according to the known
radiosensitivity of the cell lines (table 7.2). The R1 and R2 category cell lines, for
which SF, values are available, are known to be radiation resistant (SFy > 0.6). The
R3 cell lines are comparatively radiation sensitive (SFy < 0.5). Furthermore, the R1
cell lines contain a wild-type (wt) p53 gene, whereas the R2 cells contain a mutant
(mt) p53 gene. The two R3 cell lines, DU145 (mt p53) and LNCaP (wt p53), are
radiosensitive and show very different biochemical radiation response signatures from
their p53 counterparts (figure 7.2, table 7.1).

Normally functioning wt p53 is required for G1 phase cell cycle arrest post-
irradiation [49]. In this study, the measured fraction of G1 cells at 24 hours post-
irradiation (table 7.2) confirms that the mt p53 cell lines do not show G1 phase arrest
(6-11% G1 fraction at 24 hours post-irradiation) and in fact show high levels of radi-
ation induced G2 phase arrest (60-87% G2 fraction at 24 hours post-irradiation). As
expected, the wt p53 cell lines do show G1 phase arrest (40-73% G1 fraction at 24

hours post-irradiation).

7.4 Discussion: Study #1

7.4.1 RS detection of biochemical signatures of radiation re-
sponse

The methods applied in this study, namely the acquisition of hundreds of high-quality
single-cell RS spectra per cell line, established spectral processing techniques (chap-

ters 4, 5 and 6), and PCA, enable the separation of radiation induced spectral changes
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Table 7.2: RS biochemical radiation response category (RS Cat.), tissue of origin
(TOI), percent variance explained by radiation induced PCA component, G1, S and
G2 fractions at 24 hours post-irradiation, p53 status and average reported radiosen-
sitivity (SF2) for the seven cell lines used in this study.

RS Cell TOI Variance GI1, S, G2 P53 SFy

Cat. Line (%) (% at 24 hrs) Status

Rl H460 Lung 503 73, 10, 17 Wil9l (.45 15 157
MCF7 Breast 7.3 40, 9, 51 wt197] 0.64[26, 55, 183, 186, 187]
PacMet Prostate 12.6 68, 7, 25 wtl**%  unknown

R2  MDA-MB231 Breast 47 11, 10, 79 7,710 55 155, 159]
PC3 Prostate 3.0 7,6, 87 mt98 (.64[5% 190-192]

R3 DU145 Prostate 12.8 6, 34, 60 mt98l  (.49[55, 190, 193-195]

[

LNCaP Prostate 4.0 64, 14, 22 wtl198]  (,27[190, 191, 194, 195]
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from other simultaneously occurring sources of spectral variability, such as cell cy-
cle. This technique provides direct analysis of the biomolecular changes arising in
single cells responding to radiation exposure, independent of cell cycle or cell death
related processes. RS signatures of radiation response (i.e., the radiation induced
PCA components, figure 7.2) are identified by statistically significant shifts in the
corresponding PCA score distributions (e.g., figures 7.3b & 7.4b, 7.3d & 7.4d and
7.3f & 7.4f) as a function of time post-irradiation and (in some cell lines) the de-
livered dose. The biomolecules responsible for these signatures are identified by the
known molecular assignments of the positive and negative features in the radiation
induced PCA components (figures 7.1a, 7.3a & 7.4a, 7.3c & 7.4c and 7.3e & 7.4e).
In this study, it is found that the biomolecular radiation responses of the seven cell
lines segregate into distinct categories (R1, R2 and R3), observable both by visual
inspection of the signatures (figure 7.2) and by correlation analysis (table 7.1). The
qualitative similarities observed in the biomolecular changes between categories R1
and R2, and the many opposite changes observed between category R3 and categories
R1 and R2 (i.e., figures 7.3a & 7.4a, 7.3c & 7.4c and 7.3e & 7.4e), are quantitatively

confirmed via correlation analysis (table 7.1).

7.4.2 Segregation of common radiation response signatures
according to p53 status and radiosensitivity

Of the five cell lines that fall into the RS radiation response categories R1 and R2,
four are known to be radiation resistant (SFy > 0.6) and the PacMet radiosensitivity
is unknown. The two cell lines in category R3 are comparatively radiation sensitive
(SFy < 0.5) (table 7.2). The RS signatures of radiation response between categories
R1 (resistant wt p53) and R2 (resistant mt p53) are different, but share many com-
mon molecular features (figure 7.2), indicating similar yet unique radiation responses.
As both groups R1 and R2 are comprised solely of radiation resistant cell lines, it is
possible that the biochemical radiation responses observed with RS are caused by cel-
lular response mechanisms that increase survival after radiation exposure. Candidate
mechanisms for such responses are discussed below (section 7.4.3).

The available SFy data from different laboratories (e.g., for MCF7 the reported
SF, values range from 0.50 [187] to 0.81 [183]) separate the confirmed resistant cell
lines (average SFy > 0.6) from the comparatively sensitive cell lines (average SFy <

0.5). Reported SFy values were used if the clonogenic survival assay approximated
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currently accepted protocols [27]. In particular, it was ensured that cultures were
irradiated in exponential growth phase and that experiments were performed at least
in triplicate.

It is important to note that the PCA calculation also provides the relative “strength”
of the RS observed biochemical radiation response, given by the variance explained
by the radiation induced PCA component identified. In this study, the cell lines
demonstrated different radiation response strengths between categories of radiation
response, and also within each category (figure 7.2, table 7.2). Between categories
R1 and R2, the resistant wt p53 cell lines (R1) responded stronger than the resistant
mt p53 cell lines (R2). Within each category, H460 responded stronger than PacMet
which responded stronger than MCF7 (R1), MDA-MB-231 responded stronger than
PC3 (R2), and DU145 responded stronger than LNCaP (R3). The relative strength
of the biochemical radiation response may have some correlation to differences in

radiosensitivity within a given RS category.

7.4.3 Biochemical mechanisms of radiation resistance or sen-
sitivity
Radioresistant cell lines: RS categories R1 and R2

Some of the most dramatic radiation induced biochemical changes observed with RS
in this study arise from proteins (figures 7.3 and 7.4). Between 24 and 72 hours
post-irradiation, the known radiation resistant cell lines in RS categories R1 and
R2 demonstrate increased concentrations of aromatic amino acids (phenylalanine,
tyrosine and tryptophan) and a-helix protein structures, and decreased concentrations
of B-sheet and random coil protein structures, relative to unirradiated controls. These
changes corroborate with prior evidence that synthesis and degradation of structured
proteins is correlated with increased survival post-irradiation and plays an important
role in cellular radioadaptive responses [37]. These changes may also be reflective of
cellular survival mechanisms triggered by radiation induced oxidative stress, involving
the breakdown of structured proteins (i.e., f-sheet and random coil protein structures)
into free amino acids to aid in the scavenging of reactive oxygen species created by
radiation damage [199]. The observation of increased a-helix protein structure with
radiation could be explained by concurrent synthesis of certain proteins involved in
radiation response pathways that increase cell survival post-irradiation. For example,

colorectal cells have been shown to express 14-3-30 protein for up to 60 hours post-
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irradiation to aid in the inhibition of cell cycle progression through G2/M phase,
resulting in increased survival [200]. 14-3-3 proteins are primarily composed of «-
helices [201], are involved in many cell division and signalling pathways [201, 202],
and are known to suppress apoptosis via inhibition of several pro-apoptosis pathways
[202]. Another candidate protein with predominantly a-helix structure is survivin
[203], a known anti-apoptosis factor that has been linked to increased radioresistance
in glioblastomas [204], pancreatic cancers [205], rectal cancers [206] and head and
neck squamous carcinomas [207]. Furthermore, it was shown for glioblastomas that
radioresistant cell lines expressed survivin post-irradiation in all phases of the cell
cycle, whereas radiosensitive cell lines limited survivin expression to G2/M phase,
independent of p53 status [204].

In this study, similar radiation response signatures are observed between the resis-
tant wt p53 (R1) and the resistant mt p53 (R2) cell lines. The p53 gene is known to
regulate cell cycle arrest post-irradiation [49, 200] and flow cytometry measurements
performed in this study (table 7.2) confirm the differences in cell cycle regulation that
occur between the wt and mt p53 cell lines. Furthermore, radiation induced apoptosis,
which would promote cell death post-irradiation and therefore increase sensitivity, re-
quires wt ph3 status [49]. As such, it is to be expected that the biochemical nature of
an induced radiation response that promotes cell survival post-irradiation may be de-
termined by p53 status. An example of such p53 dependence on biochemical radiation
response and radiosensitivity has been recently observed via analysis of micro-RNA
expression post-irradiation [208]. Tt is also likely that different responses working to
achieve the same result (i.e., increased survival post-irradiation) would have common
characteristics (e.g., expression of anti-apoptosis factors or other survival signals). As
discussed above in section 7.4.2; this study observes stronger radiation responses from
the R1 (resistant wt p53) cell lines than from the R2 (resistant mt p53) cell lines,
although the responses have many similar features. If the observed RS responses from
the R1 and R2 cell lines are indeed caused in part by the radiation induced synthesis
of anti-apoptosis proteins, it is plausible that a wt pb3 cell line with equivalent ra-
diosensitivity as a mt pb3 cell line would need to mount a larger biochemical response
(i.e., increased expression of anti-apoptosis factors) in order to suppress the intact
pro-apoptotic pathways, in addition to the biochemical response required for other
mechanisms of survival post-irradiation. This model may explain the observed differ-
ences and similarities between the radiation response signatures obtained for groups
R1 and R2 in this study.
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Radiosensitive cell lines: RS category R3

Neither of the radiosensitive cell lines comprising RS category R3, DU145 (mt p53)
and LNCaP (wt p53), show a radiation response similar to the other five cell lines.
This lack of response may be the result of some other reason why these cells do not
mount a similar radiation response as their p53 counterparts, which may be necessary
for increased survival post-irradiation (e.g., expression of anti-apoptosis factors or
other survival signals). Furthermore, both of the radiation response signatures for
the R3 cell lines, although different (figure 7.2), are anti-correlated with the R1 and
R2 signatures and are positively correlated with each other (table 7.1). As such,
these R3 radiation response signatures, which show anti-correlation with possible
biochemical signatures of radiation resistance, may in turn prove to be signatures of

radiation sensitivity.

7.4.4 Uniqueness of the observed RS biochemical radiation
responses

The biochemical variability described by the radiation induced PCA components
(figure 7.2) is only observed when the data sets containing both unirradiated and ir-
radiated cell spectra are input into PCA, with one exception. The radiation induced
PCA component for the H460 cell line, which demonstrated the strongest radiation
response of all the cell lines (50.3% of the total variance), is also observed (r = 0.80)
when only the unirradiated H460 cell spectra are input into PCA but with a much re-
duced percent variance explained (16.8% vs. 50.3%). These observations suggest that
the biochemical variability described by the radiation induced PCA component for
the H460 cell line is not a uniquely radiation induced response, but rather is enhanced
by radiation and may be induced by other factors as well. Interestingly, a large frac-
tion of the variability described by the component obtained from the unirradiated
cells data set arises from a small number of outliers (~4) from the 80 unirradiated
cells, which can be seen in the unirradiated sample PCA score distributions for the
H460 radiation induced PCA component shown in figure 7.3b. When these 4 outliers
are removed from the 80 cell data set prior to PCA, the component is still observed
but with a significant drop in variance (11.1% vs. 16.8%). For the other six human
tumour cell lines investigated in this study, the radiation induced PCA components
are not observed if only the unirradiated cell spectra are input into PCA. If the

biochemical variability is indeed present in these other cell lines it is too weak for
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detection with RS using the current methods, possibly due to insufficient induction
by the in vitro culture environment. Since the in vitro radiation response of the H460
cell line is much stronger than that of the other cell lines, it is possible that the in
vitro culture environment provided sufficient stimuli or stresses to induce a similar
biochemical response in a subset of the unirradiated H460 cells, which was therefore

detectable with RS without radiation exposure.

7.4.5 Effect of radiation on cell cycle variability

In chapter 6 it is shown that for RS of irradiated DU145 cells, radiation induces a
observable effect on the PCA scores for the cell cycle PCA component, while leaving
the features of the cell cycle PCA component unchanged. Here, the same result is
obtained for all seven cell lines used in this study (figure 7.1d and table 7.2). The
effect of radiation on the corresponding PCA scores for the cell cycle PCA component
(not shown) is dependent on the susceptibility of the cell line to radiation induced
depletion of nucleic acid and protein content relative to lipid content, arising from
early G1 (or GO) arrest or like processes (chapter 5 and corresponding publication
[168]). Determining any possible relationships between this susceptibility and the
nature of the observed RS signatures of radiation response, or with known radiosensi-
tivity, would require similar analysis of more cell lines and may be a topic of interest

for future research.

7.5 Materials & Methods: Study #2

7.5.1 TRAMP-C2 cells

TRAMP-C2 cells, originally obtained from American Type Culture Collection (ATCC),
were cultured in wvitro, using previously described protocols (section 3.1.2), with
DMEM growth media (HyClone) supplemented with 5% FBS (HyClone), 5% Nu-
serum IV (Collaborative Biomedical Products, Bedford, MA) and 5 pug/mL insulin
(HyClone).

The TRAMP-C2 cell line contains wt p53 [209]. Only one previous study has in-
vestigated the intrinsic radiosensitivity of the TRAMP-C2 cell line [210], from which
a SFy value of ~0.5 was estimated from the reported survival curve for comparisons
with the other cell lines investigated here. This same study also tested the radiosen-
sitivity of the LNCaP cell line and reported that TRAMP-C2 cells are approximately
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twice as resistant as LNCaP cells [210]. The SF; value of ~0.5 for the TRAMP-C2
cell line is therefore similar to twice the average SF; reported here for the LNCaP cell
line (SFy = 0.27). As such, compared to the other wt p53 cell lines used in study #1
(classified into RS categories R1 or R3), the TRAMP-C2 cell line is more resistant
than the LNCaP cell line (R3, SFy = 0.27) but is likely more sensitive than the H460
and MCFT cell lines (R1, SFy = 0.64).

7.5.2 In wvitro experiment

Irradiation of in vitro cell cultures, cell cycle and viability analysis, and RS acquisition
was performed as described above for the human tumour cell lines (study #1). For
the in vitro TRAMP-C2 experiment presented below (section 7.6.1), the viability of
all cultures was > 94%.

7.5.3 In vivo experiment

All mouse handling, irradiation, and solid tumour harvesting was performed by
trained members of the RCIT group following protocols approved by the Univer-
sity of Victoria’s Animal Care Committee. Approximately 3 x 106 TRAMP-C2 cells
were injected into the subcutaneous layer of the flanks of two mice and tumour growth
was monitored until tumours grew to ~10 mm in diameter (~9 weeks). Mice were
irradiated under dissociative anaesthesia, induced by a 200/0.1 mg/kg mixture of Ke-
tamine/Domitor in 400 pL sterile water injected subcutaneously. No effect on tumour
oxygenation or radiation response is expected as a result of the anaesthetic. The tu-
mour of one mouse was irradiated to 27.2 Gy over 5 days according to the following
protocol: 6 Gy on days 1 and 2, no dose on day 3, and 7.6 Gy on days 4 and 5. The
second mouse tumour was sham-irradiated to serve as a control. Mice were eutha-
nized ~24 hours after delivery of the final fraction of radiation and solid tumours
were immediately removed and stored on ice in growth media until processing.
Tumour cell suspensions were extracted from the solid tumours in a series of
processing steps. The solid tumours were first cut and mashed in a 10 cm dish
containing ~2 mL of Collagenase D (Roche Diagnostics, Laval, QC, Canada) for 5
minutes, then transferred to a 15 mL tube with ~5 mL Collagenase and incubated in a
37 °C water bath for 30 minutes. The mixture was then pipetted vigorously to further
disassociate tumour cells from other tissues, passed through a nylon screen to separate

out any skin tissues and fatty deposits, and then washed twice with PBS. To isolate
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tumour cells from other tumour infiltrating cells (i.e., red and white blood cells),
the suspension was placed on an 80%/40% gradient of Percoll-Plus (GE Healthcare
Bio-Sciences, Piscataway, NJ, USA) diluted in growth media and centrifuged for 15
min at 1800 rotations per minute to form separate layers of tumour cells and tumour
infiltrates. The tumour cell layer was extracted with a pipet tip and the suspension
was then washed twice in PBS, resuspended in growth media, centrifuged into a 200
L vial, and stored on ice until RS analysis.

The cell cycle distribution and viability of the unirradiated and irradiated samples
was determined with flow cytometry; the viability of the unirradiated and irradiated
samples was found to be 61% and 71%, respectively. RS acquisition was performed as
previously described, except that only LWN window Raman spectra were acquired.

Spectra were obtained from 40 cells for each sample, resulting in a total of 80 spectra

for the in vivo TRAMP-C2 data set.

7.6 Results & Discussion: Study #2

7.6.1 In wvitro experiment

Unirradiated TRAMP-C2 cell spectra

The averaged Raman spectrum for 20 unirradiated cells from the TRAMP-C2 cell
line, harvested and analyzed immediately after the time of irradiation, yields the
same features, at comparable intensities, as the averaged spectra for the previously
studied human tumour cell lines (figure 7.5). As before (figure 7.1b), there are subtle
differences in the relative intensity of spectral features between the TRAMP-C2 aver-
aged spectrum and the averaged spectra for the other cell lines, arising from inherent
differences in biomolecular compositions between tumour cell lines [79] and slightly

different cell cycle distributions between cultures at time of irradiation [168].

PCA results

The first three PCA components and the corresponding PCA score plots for the
200 cells in the in vitro TRAMP-C2 irradiation study are presented in figure 7.6,
with the percent variance explained by each component provided. The remaining
PCA components each explain less than 2% of the total variance and do not display

any measurable trend in the score plots, suggesting that the meaningful biochemical
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Figure 7.5: Averaged spectra from 20 unirradiated cells for the seven human tumour
cell lines used in study #1 and the TRAMP-C2 mouse prostate tumour cell line used
in study #2.
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variability detectable with RS for the in vitro TRAMP-C2 irradiation experiment is
contained in the first three PCA components.

The first PCA component (figure 7.6a) is the same cell cycle component as pre-
viously observed for the human tumour cell lines (figures 7.1b & 7.1d) and explains
a comparable amount of the total variance in the data set (30.7%). The PCA scores
for the first PCA component (figure 7.6b) demonstrate a similar trend to lower PCA
scores (i.e., decreased protein and nucleic acid content relative to lipid content) with
increased time after sub-culturing as is observed for DU145 cells (figures 5.4a and
6.2b) and for the other human tumour cell lines (data not shown).

The second PCA component (figure 7.6¢) explains 3.9% of the total variance and

is dominated by a feature at ~1660 cm™*

corresponding to protein amide groups.
The PCA scores do not show any consistent separations between unirradiated and
irradiated samples. This PCA component is also obtained during analysis of the
TRAMP-C2 data set comprised of only unirradiated samples; analysis of the PCA
scores from that data set (not shown) indicates that this component arises from
variability correlated with culture confluency (or time since sub-culturing), similar to
what is presented in chapter 5 for the DU145 cell line.

The third PCA component (figure 7.6¢) explains 2.4% of the total variance. This
component shares many features with the radiation induced PCA components ob-
tained from the R1 and R2 human tumour cell lines. The common negative features
arise from amino acids and a-helix protein structures and the common positive fea-
tures arise from nucleic acids, CHy groups and (-sheet protein structures. The PCA
scores for the third PCA component (figure 7.6f) show a slight yet consistent decrease
in the average PCA score values for irradiated cultures as compared to unirradiated
controls from 24 to 72 hours post-irradiation, although only the decrease for the 72
hours 30 Gy culture is statistically significant (p = 0.01). However, this third PCA
component is also obtained during analysis of the in vitro TRAMP-C2 data sets com-
prised of only unirradiated samples (r = 0.81) and only irradiated samples (r = 0.92).
This indicates that the biochemical variability described by this PCA component is
not uniquely induced by radiation exposure, a result that is also obtained for the H460
cell line (section 7.4.4). When the TRAMP-C2 data set containing only unirradiated
samples is input into PCA, there are no significant changes in the PCA score dis-
tributions between unirradiated samples at any time points. When the TRAMP-C2
data set containing only irradiated samples is input into PCA, there are significant

decreases (p < 0.01) in the PCA score distributions for the irradiated samples at 24
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Figure 7.6: (a, ¢, e) First three PCA components (C1, C2, C3) and (b, d, f) PCA
score plots for the in vitro TRAMP-C2 irradiation experiment. (a, ¢, ) Raman shifts
and molecular origins of identifiable features, and the percent variance explained, are
provided. Abbreviations - as in figure 7.1. (b, d, f) Different markers categorize all
200 cells by time of RS acquisition after irradiation. The average score and standard
deviation is shown for each sample for visualization of the trends in the data.
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and 48 hours post-irradiation with respect to the 0 hours post-irradiation sample. As
a result of this analysis and due to the similarities with the previously observed radia-
tion induced PCA components (corroborated below by correlation analysis), the third
PCA component observed here for the TRAMP-C2 cell line is tentatively assigned as
a radiation induced PCA component for the following analyses.

The cell cycle and radiation induced PCA components obtained from the TRAMP-
C2 irradiation experiment (figures 7.6a and 7.6e) are compared with the corresponding
components obtained from the human tumour cell lines in figures 7.7a and 7.7b,
respectively. Correlation analysis between the TRAMP-C2 radiation induced PCA
component and the radiation induced PCA components obtained from the human
tumour cell lines indicates that the TRAMP-C2 radiation induced PCA component
is indeed similar to the radiation response signatures obtained from the R1 (H460,
MCF7 and PacMet) and R2 (MDA-MB-231 and PC3) cell lines in study #1 (0.29 <
r < 0.64). Furthermore, there is significant anti-correlation between the TRAMP-C2
component and the DU145 component (r = —0.33) and no significant correlation
with the LNCaP component (r = 0.01).

TRAMP-C2 in vitro radiation response category

The TRAMP-C2 in wvitro radiation response observed with RS is very weak, as indi-
cated by the low percent variance explained by the radiation induced PCA component
(2.4%) and the limited significance of the changes in the corresponding PCA score
distributions (figure 7.6f). As such, the TRAMP-C2 radiation induced PCA compo-
nent is quite noisy compared to the components obtained previously (figure 7.7b),
therefore suppressing the r-values obtained during correlation analysis and introduc-
ing uncertainty into the assignment of the TRAMP-C2 radiation response into one
of the currently defined radiation response categories: R1, R2 or R3 (although the
TRAMP-C2 response is clearly quite different from the responses of the R3 category
cell lines). However, among categories R1 and R2 the highest r-value (r = 0.64) is
obtained with the PacMet cell line (category R1) and the lowest r-value (r = 0.29)
is obtained with the MDA-MB-231 cell line (category R2). This suggests that the
radiation response of the TRAMP-C2 line is most similar to the radiation response
of the R1 cell lines, while also similar to the radiation responses of the R2 cell lines
(a result consistent with the positive correlations between categories R1 and R2 in
study #1). However, the strength of the TRAMP-C2 radiation response (2.4%) is
much weaker than the responses of the other R1 cell lines (7.3%, 12.6% and 50.3%)



178

(a) Cell Cycle PCA Components (b) Radiation Induced PCA Components
12.1% H460 50.3% R1 H460
| 39.9% V MCF7 7.3% R1 MCF7
45.9% PacMet 12.6% R1 PacMet
> 36.0% “ MDA-MB-231 4.7% R2 MDA-MB-231
2 5
c e
2 .
S 46.6% PC3 £ 3.0% R2 PC3
o ()
2 =
k) © v v A V
& 2 12.8% | R3 DU145
4.0% R3 LNCaP
30.7% V TRAMP-C2 2.4% TRAMP-C2
600 800 1000 1200 1400 1600 1800 600 800 1000 1200 1400 1600 1800
Raman shift (cm") Raman shift (cm'1)

Figure 7.7: (a) Cell cycle PCA components and (b) radiation induced PCA com-
ponents for the TRAMP-C2 mouse prostate tumour cell line and the seven human
tumour cell lines, with the previously assigned RS radiation response categories indi-
cated in (b). For TRAMP-C2, the Raman shift and molecular origin of identifiable
features are provided in figures (a) 7.6a and (b) 7.6e.
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and is slightly weaker than the responses of the R2 cell lines (4.7% and 3.0%) (figure
7.7h).

Biochemical interpretation of TRAMP-C2 in vitro radiation response

The relationship between the RS radiation response categories (R1, R2, R3) and tissue
of origin, percent variance explained by the radiation induced PCA component, G1,
S and G2 fractions at 24 hours post-irradiation, p53 status and average reported
radiosensitivity is shown in table 7.2 (section 7.3.5) for the human tumour cell lines
investigated in study #1. The data is reproduced below (table 7.3), with the in
vitro TRAMP-C2 data included in italics for comparison. The TRAMP-C2 cell cycle
distribution at 24 hours post-irradiation is consistent with the distributions for the
other human tumour cell lines containing wt p53. The accuracy of the single SFy value
reported for the TRAMP-C2 cell line is unknown, although the value (SFy = 0.5)
suggests that the TRAMP-C2 cell line is neither overly radioresistant nor overly
radiosensitive. The SFy value is comparable to that of the DU145 cell line (SFy =
0.49), although the DU145 cell line contains mt p53 and therefore is expected to
respond differently, even with an approximately equivalent SF5 value. If the radiation
response signatures observed with RS for the R1 and R2 category cell lines are indeed
the result of biochemical response mechanisms that increase survival post-irradiation
(as postulated in section 7.4.3), it is possible that the reduced strength of the in
vitro TRAMP-C2 radiation response observed with RS is the result of the reduced
radioresistance of the TRAMP-C2 cell line relative to the other radioresistant wt p53
cell lines assigned to category R1 (table 7.3). The lack of an in vitro TRAMP-C2
radiation response that correlates with the response of the LNCaP cell line (wt p53,
SFy = 0.27, RS category R3) may in turn indicate a lack of biochemical mechanisms

associated with further reductions in radiation survival.

7.6.2 In vivo experiment

Averaged Raman spectra

The averaged Raman spectra for 20 unirradiated and irradiated cells from the TRAMP-
C2 tumours grown and irradiated in vivo are shown in figure 7.8, along with a pair
of averaged Raman spectra from the in vitro TRAMP-C2 experiment indicating the
range of differences observable in the averaged spectra between in vitro samples (‘0 hrs

0 Gy’ vs. ‘72 hrs 0 Gy’). The spectra obtained from the in vivo tumour cells contain
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Table 7.3: Comparison of the TRAMP-C2 in vitro RS biochemical radiation response
category (RS Cat.), tissue of origin (TOI), percent variance explained by radiation
induced PCA component, G1, S and G2 fractions at 24 hours post-irradiation, p53
status and average reported radiosensitivity (SFg) with the seven human tumour cell
lines used in study #1. TRAMP-C2 values are italicized for clarity.

RS Cell TOI Variance G1, S, G2 P53 SF,

Cat. Line (%) (% at 24 hrs) Status

R1 H460 Lung 50.3 73, 10, 17 wi196] 0.64[55, 183-185]
MCF7 Breast 7.3 40, 9, 51 wtl197 (64126, 55. 183, 186, 157)
PacMet Prostate 12.6 68, 7, 25 wtl%%) unknown
TRAMP-C2 Prostate 2.4 58, 15, 27 w209 ~(.5(210

R2  MDA-MB-231 DBreast 4.7 11, 10, 79 mt!97 (.71[26, 55, 188, 189]
PC3 Prostate 3.0 7.6, 87 mtl98l (64155 190-192

R3 DU145 Prostate 12.8 6, 34, 60 mt198  (.49[55, 190, 193-195]
LNCaP Prostate 4.0 64, 14, 22 wt1981 (27190, 191, 194, 195]
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the same features, at comparable intensities, as the averaged spectra obtained from
the in vitro experiment. There are several wavenumbers where consistent differences
in the relative intensities of spectral features can be observed between the in wvitro

and in vivo averaged spectra, which are further analyzed in section 7.6.3 below.
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Figure 7.8: Averaged spectra from 20 unirradiated and 20 irradiated cells from the
TRAMP-C2 tumours grown and irradiated in vivo, with a pair of averaged Raman
spectra from the in vitro TRAMP-C2 experiment indicating the range of differences
observable in the averaged spectra between in vitro samples (‘0 hrs 0 Gy’ vs. ‘72 hrs

0 Gy’).

PCA results

The first two PCA components from the in vivo TRAMP-C2 irradiation experiment
explain 43.0% and 8.0% of the total variance. The third PCA component explains

4.6% of the total variance and arises from variability in the quartz substrate. The re-
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mainder of the components each explain less than 2.5% of the total variance. As such,
the biochemical variability detectable with RS in the in vivo TRAMP-C2 irradiation
experiment is likely contained in the first two PCA components.

The first PCA component is shown in figure 7.9a, with the first PCA component
from the in vitro TRAMP-C2 irradiation experiment included for comparison. The
first PCA component from the in vivo data set is the same cell cycle component as is
previously observed for all cell lines cultured in vitro, with a high positive correlation
(r = 0.92) with the cell cycle component obtained from the in vitro TRAMP-C2 ex-
periment (figure 7.9a). The in vivo PCA scores for the first PCA component (figure
7.9b) indicate a significant (p = 0.001) increase in PCA score values for the irradi-
ated tumour cells, reflecting increased levels of protein and nucleic acid relative to
lipid content that likely indicates an increase in tumour cell proliferation relative to
the unirradiated tumour cells. This result is supported by the cell cycle distributions
obtained with flow cytometry for these samples, which indicate an increase in the com-
bined S and G2 fraction from 33% for the unirradiated tumour cells to 45% for the
irradiated tumour cells. This increased proliferation, detected with both RS and flow
cytometry, may be the result of tumour repopulation in response to the fractionated
radiation treatment [31], or may indicate inherent differences in the tumour microen-
vironment between the tumours of the two mice. The latter explanation is highly
probable, as it was found that the tumour selected for irradiation was larger, more
vascularized, and contained a higher number of tumour infiltrating white blood cells
(personal correspondence with Dr. Lisa Johnson, post-doctoral fellow with BCCA-
VIC). These factors suggest that the irradiated tumour cells had increased access
to nutrients provided by the tumour vasculature, allowing for increased growth and
proliferation relative to the unirradiated tumour cells.

The second PCA component from the in vivo TRAMP-C2 irradiation experiment
is shown in figure 7.9c. This component contains many similar features as the third
PCA component from the in vitro TRAMP-C2 irradiation experiment (also shown in
figure 7.9¢ for comparison), which is tentatively assigned as a radiation induced PCA
component. Furthermore, there is a high positive correlation (r = 0.58) between the
third in vitro PCA component and the second in vivo PCA component. However, for
the in vivo TRAMP-C2 experiment the second PCA component is also observed when
only the unirradiated tumour cells are input into the PCA computation, but with a
reduced percent variance explained (6.5% for only unirradiated cells versus 12.4% for
only irradiated cells). As such, the biochemical variability described by this PCA



183

(a) Cell Cycle PCA Components o (b) In Vivo Scores: Cell Cycl.e Component
[ . . . o 0Gy
e ¢ :
in vitro 30.7% ¢ . . ., * e
®e
° L]
* . = 3 o bt
2 ° . e ¥
= . o . O
g 3 ° ¢ ®e
= g : ® *
- . . 40F o
® in vivo 43.0% % o 5 ° . . p =0.001
= o
© o o o
© o °°
o o ? & °
o —e%
o ° ° o
o o -
o & o
o o - o
| I o R
600 800 1000 1200 1400 1600 1800 -8 -6 -4 -2 0 2 4 6 8
PCA Component #1 Score x10°

Raman shift (cm'1)
(c) Radiation Induced PCA Components w (d) In Vivo Scor.es: Radiation Component

r} L4 o 0Gy
L. . ° d ® 272Gy
in vitro 2.4% S .« o
. % * %
o o °
—,.—04
= o M H
n N e °
c [0} o °
2 € ® . ¢
= 5 40} ' o * ¢ .
o | invivo 8.0% z o 3 p=0.93
> 3 o 0 4°
T © o o ° @ °
: L e
oo’
o 8 o
OO
° o
o °o
° o
9 o
. ” . " . ; 0 L O L ]
600 800 1000 1200 1400 1600 1800 -4 -3 2 - 0 1 2 3 4
PCA Component #2 Score x10°

Raman shift (cm'1)

Figure 7.9: (a) Cell cycle and (c) radiation induced PCA components, with the
percent variance explained, and (b, d) the corresponding PCA scores, for the in
vivo TRAMP-C2 irradiation experiment. The corresponding PCA components from
the in vitro TRAMP-C2 experiment are included in (a) and (c) for comparison. (a,
c¢) Correlations between components (r-values) and (b, d) statistical significances of
differences between in vivo PCA score distributions (p-values) are provided.
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component is not unique to the irradiated tumour cells, although the amount of
variability may be enhanced by irradiation. The PCA scores for the second in vivo
PCA component (figure 7.9d) corroborate this result. There is no significant shift
in the PCA score distributions between the irradiated and unirradiated tumour cells
(p = 0.93), but there is a ~50% increase in the standard deviation of the irradiated
PCA scores relative to the unirradiated PCA scores (0.00148 vs. 0.00097).

Uniqueness of the TRAMP-C2 radiation response

The biochemical variability described by the second in vivo PCA component (figure
7.9b) is also observed when only the unirradiated cell spectra are input into PCA, as is
also observed in vitro (section 7.6.1), and is therefore not a unique radiation response.
However, it is evident that the biochemical variability may be enhanced by radiation
exposure. This result is in contrast with most of the in wvitro irradiation experiments
previously presented (study #1), where the radiation induced PCA components are
not observed if only the unirradiated data set is input into PCA. However, this result
is also observed for the H460 cell line (recall section 7.4.4), where the radiation in-
duced PCA component is also detected if only the unirradiated data set is input into
PCA but with a large decrease in percent variance explained (16.8% vs. 50.3%). This
suggests that the biochemical variability described by the radiation induced PCA
components for both the H460 and the TRAMP-C2 cell lines are not uniquely radi-
ation induced responses, but are rather enhanced by radiation and may be induced
by other factors as well. If, as postulated in section 7.4.3, the category R1 and R2
radiation responses observed with RS are indeed the result of increased expression of
anti-apoptosis factors or other survival signals post-irradiation, it is possible that the
in vivo tumour microenvironment may cause the induction of a biochemical stress
response similar to what is observed post-irradiation. This theory may explain the
increase in percent variance explained by the in vivo TRAMP-C2 radiation induced
component, as compared to the corresponding component obtained in vitro (8.0% vs.
2.4%, figure 7.9b).

7.6.3 Combined in vitro and in vivo data set analysis

Concatenating the in vitro and in vivo TRAMP-C2 irradiation experimental data sets
into a single 280 spectra data set prior to PCA calculation allows for direct compar-

isons of the sources of biochemical variability between the in vitro and in vivo cells.
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The first three PCA components and the corresponding PCA score plots for the com-
bined in vitro and in vivo TRAMP-C2 irradiation experiments data set are presented
in figure 7.10, with the percent variance explained by each component provided. The
fourth PCA component from this data set explains 2.2% of the total variance and
arises from variability in quartz substrate signals. The remaining PCA components
each explain less that 2% of the total variance, suggesting that the biochemical vari-
ability detected with RS in the combined data set is contained in the first three PCA
components.

The first PCA component from the combined data set (figure 7.10a) is the same cell
cycle PCA component as previously observed and explains 28.1% of the total variance.
The PCA scores for the first PCA component (figure 7.10b) demonstrate the same
trend to lower PCA scores (i.e., decreased protein and nucleic acid content relative
to lipid content) with increased time after sub-culturing for the in vitro samples, as
is observed for the in vitro data set (figure 7.6b). The PCA scores for the in wvivo
samples demonstrate the same significant (p = 0.001) shift towards higher PCA scores
for the irradiated tumour cells relative to the unirradiated tumour cells, as is observed
for the in vivo data set (figure 7.9b). Therefore, the biochemical interpretation and
the discriminatory capability of the PCA results for analysis of cell cycle spectral
variability is maintained when n vitro and in vivo data sets are combined in such
fashion. It is worth noting that the range of the PCA score values for each of the
in vivo samples encompasses the total range of the in witro samples for all time
points. This indicates that there is a greater range of biochemical variability related
to cell cycle between tumour cells obtained in vivo than between tumour cells from
a single culture in wvitro. This is likely a result of the heterogeneity of the tumour
microenvironment, specifically regarding access to nutrients required for proliferation.

The second PCA component from the combined data set (figure 7.10c) explains
21.6% of the total variance and is unique to the combined in vitro and in vivo data
set. Many features can be assigned to known molecules, primarily from proteins,
with a number of positive amino acid features of moderate intensity at 759, 853, 1003
and 1032 cm~! and a pair of highly intense negative features at 1267 and 1663 cm !
arising from amide groups in protein secondary structure. The PCA scores for the
second PCA component (figure 7.10d) indicate that the spectral variability described
by the second PCA component arises solely from spectral differences between the in
vivo and in vitro samples, with a highly significant (p < 0.0001) shift to more negative

PCA scores for the in vivo PCA score distributions. These differences can be directly
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Figure 7.10: First three (a, ¢, e) PCA components (C1, C2, C3) and (b, d, f) PCA
score plots for the combined in vitro and in vivo TRAMP-C2 irradiation experiments
data set. (a, ¢, ) Raman shifts and molecular origins of identifiable features, and
the percent variance explained, are provided. Abbreviations - as in figure 7.1. (b, d,
f) Different markers categorize all 200 in wvitro cells by time of RS acquisition after
irradiation, with the 80 in vivo cells indicated by diamond (<) markers. The average
score and standard deviation is shown for each sample for visualization of the trends
in the data.
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observed in the averaged Raman spectra obtained from selected samples (recall figure
7.8), most notably at 1267 and 1663 cm ™! where the in vivo averaged spectra indicate
increased intensities at these wavenumbers relative to the in vitro averaged spectra.
The biochemical reason for these differences is currently unknown. The differences
may arise due to the nature of the in vivo tumour microenvironment as compared to
wn wvitro culture conditions, potentially from non-cellular sources contributing to the
Raman spectra obtained from the cells grown in vivo. One possibility is the presence
of residual collagen content from the in vivo tumour tissues, as the Raman spectrum
of collagen (a protein constituent of extracellular connective tissue) contains several
features arising from secondary protein structures [211]. However, not all features of a
collagen spectrum [211] are reproduced in the second PCA component obtained here
(figure 7.10c). Alternatively, the differences may arise from the additional processing
techniques used for extraction of the tumour cell suspension from the solid tumours
(recall section 7.5.3). The spectral variability described by this second PCA compo-
nent is not a significant source of spectral variability between the in vivo tumour cells
alone, as this component is not observed during independent analysis of the in vivo
TRAMP-C2 irradiation experiment (figure 7.9).

The third PCA component from the combined data set (figure 7.10e) explains
3.5% of the total variance. This component is almost identical to the PCA compo-
nent tentatively assigned as a radiation induced PCA component during independent
analysis of the in vivo TRAMP-C2 experiment (figure 7.9¢, bottom trace) (r = 0.89)
and is similar to the corresponding weak PCA component obtained from the in vitro
TRAMP-C2 experiment (figure 7.9¢, top trace) (r = 0.59). As observed previously
for the in vivo experiment, the standard deviation of the irradiated PCA score distri-
bution (figure 7.10f) is increased by ~50% relative to the unirradiated distribution.
Furthermore, as observed previously for the in vitro experiment, there is limited sig-
nificance of the changes in the in vitro irradiated PCA score distributions with respect
to unirradiated controls (figure 7.10f), with only the 48 hours 50 Gy sample returning
a statistically significant (p = 0.0003) shift to lower PCA score values. Therefore, as
concluded above for analysis of the first PCA component, the biochemical interpre-
tation and the discriminatory capability of the PCA results for analysis of spectral
variability is maintained when in vitro and in vivo data sets are combined in such
fashion. In addition, the range of the PCA score values for each of the in vivo samples
is larger than the total range of the in wvitro samples (figure 7.10f), which is likely a

further indication of the heterogeneity of the tumour microenvironment.
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7.6.4 In vivo experimental difficulties and possible resolutions

Current difficulties

The two main difficulties that arose during the in vivo experiment presented here were
(1) low tumour cell yield and (2) low tumour cell viability. The currently implemented
sample preparation techniques for single-cell RS acquisition require a sufficiently sized
cell pellet to facilitate physical transfer of the cells to the quartz substrate for single-
cell RS acquisition with a dry microscope objective. In addition, a cell pellet several
cell layers thick is desirable to minimize background contributions from the quartz
substrate. For the in vivo tumour cell samples collected in this work, the tumour cell
yield was much reduced from that of the in wvitro cultures, resulting in difficulties in
transferring the cell pellets to the quartz substrate and therefore yielding small cell
pellets on the substrate of only 1-2 cell layers thick. This introduced more spectral
variability arising from the quartz substrate, but did not appear to negatively affect
the analysis of the in vivo data set (figure 7.9) as the variability from the quartz
substrate was restricted to a single PCA component explaining a low amount (4.6%)
of the total variance. The low tumour cell viability (61% for unirradiated, 71% for
irradiated) introduced difficulties during RS acquisition, as there was a corresponding
increased incidence of the acquisition of a cell spectrum resembling that of a dead cell,
thus requiring rejection of the spectrum and the acquisition of a new cell. Although
not problematic from an analysis perspective, this process significantly lengthened
the total time required for acquisition of cell spectra from the sample, possibly re-
sulting in spectral variability arising from the extended exposure of the live cells to
a non-aqueous environment. However, no such variability is observed in the in vivo
experiment presented here.

Although both these difficulties were surmounted in this pilot study by careful
sample preparations and a high level of diligence during RS acquisition, these dif-
ficulties may limit the robustness and portability of such RS techniques for future

studies, if unresolved.

Possible resolutions

The in vivo tumour cell yield is fundamentally limited by the size of the tumour, but is
also currently restricted by the tumour processing methods. The processing steps used
in this work (section 7.5.3) induce significant tumour cell loss during disaggregation

and filtration, but perhaps may be optimized for future work. However, the difficulties
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imposed for RS acquisition by low tumour cell yield could likely be overcome by
using a high power oil immersion microscope objective, with cells kept in an aqueous
environment under a quartz cover slip. A typical 100x oil immersion objective has
a numerical aperture (NA) of ~1.3, which would provide a ~50% improvement in
confocal resolution relative to the 100x dry objective with a NA of 0.9 used in this
work (recall the depth-of-focus formula, equation 2.17) and would possibly negate
the current benefits of a thicker cell pellet. Furthermore, sample preparation in an
aqueous environment would allow the use of a pipet to transfer small numbers of cells
to the substrate. Currently the tip of a flat scalpel blade is used, which is limited to
the transfer of physically manipulatable pellets.

The tumour cell viability is fundamentally limited by the original viability of the
extracted tumour. However, biochemical techniques for separating live and dead
cells exist that do not require cell fixation or staining; therefore, such techniques
would not affect the Raman spectra of the cells. One recently developed technique
is called contactless dielectrophoresis [212], which utilizes changes in the electrical
conductivity of a dead cell, resulting from the loss of membrane integrity that occurs
with cell death, to separate live cells from dead cells using electric field gradients. Such
techniques would ensure the collection of only live cells for RS analysis, thus removing

the current requirement for rejecting dead cell spectra during RS acquisition.

7.7 Conclusion

The primary results of this chapter (study #1) demonstrate that RS can detect
biochemical signatures of in vitro radiation response that segregate according to pb3
status and intrinsic radiosensitivity (SF3), within a preliminary panel of seven human
tumour cell lines derived from prostate (DU145, PC3, LNCaP and PacMet), breast
(MDA-MB-231 and MCF7) and lung (H460). The observed RS signatures arise from
radiation induced changes in cellular concentrations of aromatic amino acids, confor-
mational protein structures, and certain nucleic acid and lipid functional groups, and
are detected from live, unfixed, single cells analyzed 1-3 days post-irradiation. This
sensitivity to the biomolecules responsible for the observed radiation responses pro-
vides new insight into possible mechanisms of radiation survival, and into the differ-
ences in such survival mechanisms between wt pb3 and mt p53 cell lines. Preliminary
results (study #2) obtained from a mouse prostate tumour cell line (TRAMP-C2),

irradiated both in wvitro and in vivo, indicate that the candidate RS signatures of ra-
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diation resistance or sensitivity observed in vitro may also be detectable from tumour

cells obtained from an in vivo system during radiation therapy treatment.
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Chapter 8

Conclusions and Future Work

As stated in section 1.4, the primary goals of this work are (1) to develop a robust
methodology for RS acquisition and data processing techniques for highly sensitive
and specific spectral analysis of biochemical changes in single human cells, (2) to
demonstrate the utility of such RS techniques for analysis of radiation induced bio-
chemical changes in a human tumour cell line, and (3) to apply RS to investigate
the biochemical radiation response of a panel of human tumour cell lines with vary-
ing intrinsic radiosensitivity. The achievement of these goals is demonstrated in this
work by the results presented and discussed in chapters 4 to 7, which are summa-
rized in turn below. The thesis then concludes with a discussion of some important

implications of the results of this work for future studies.

Summary of key results

Chapter 4 presents an analysis of the data processing techniques implemented in this
work, in order to demonstrate the robustness and validity of the developed techniques
for applying PCA to large Raman data sets obtained from single cells. A represen-
tative set of raw data is used to demonstrate the effect of varying certain processing
parameters (related to spectral smoothing, baseline estimation and spectral normal-
ization) on the final outcomes and interpretations of the analysis. It is paramount in
this work to have confidence in the outcomes of the data analysis, most importantly
in (1) the detection of molecular sources of spectral variability as represented by the
features in the PCA components, and (2) the discriminatory capability of the PCA
results as represented by the separations between PCA score distributions for a given
PCA component. The data processing steps and parameters used in this work were

chosen to minimize any detrimental effects on these two important outcomes, as in-
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vestigated in this chapter. The analysis presented in this chapter demonstrates the
effectiveness and robustness of the developed techniques, and serves to identify the
potential pitfalls that may arise during the implementation of such automated data
processing techniques.

In chapter 5, it is shown that the inherent variability in Raman spectra of single
DU145 cells cultured in vitro is correlated with biochemical changes arising from (1)
cell cycle progression and (2) the changing confluency of the cell culture during the
first 3-4 days after sub-culturing. The variability between single-cell Raman spectra
arising from cell cycle progression is shown to arise from varying intensities of protein
and nucleic acid features relative to lipid features. Raman spectra acquired from syn-
chronized cell cultures demonstrate a continual increase in the average nucleic acid
and protein content relative to lipid content as cells progress from early G1 phase to
the G1/S boundary and into S phase. The molecular origins of the Raman features
affected by cell cycle progression are identified, for both the LWN and the HWN spec-
tral windows, by the features of the first PCA component for each window (figures
5.3 and 5.11). Application of PCA demonstrates that in the absence of additional
external sources of variability, cell cycle variability typically accounts for 40-60% of
the total variance if the LWN window is used and 75-90% if the HWN window is
used. The characterization of cell cycle variability presented in this chapter is useful
for future Raman studies in order to distinguish the inherent cell cycle variability
between cells from other independent sources of variability (e.g., radiation induced
responses). The molecular origins of the Raman features producing variability cor-
related with the changing confluency of a DU145 cell culture are identified for the
LWN spectral window by the features of the second PCA component from the study
of asynchronous cell cultures (figure 5.6a). In this work with DU145 cells, this source
of variability explains up to 17% of the total variance if the LWN window is used.
The characterization of this variability, as presented in this chapter, is an important
consideration for future Raman studies involving comparisons between cell cultures
harvested at different time intervals after sub-culturing. For example, if cell cultures
are allowed to incubate after sub-culturing for 3-4 days before Raman analysis, it is
shown that the variance explained by this source of variability is greatly reduced. In
chapter 6, this reduction in spectral variability is shown to facilitate a clearer ob-
servation of other spectral differences between cell cultures arising from a radiation
induced response. Overall, the results presented in chapter 5 demonstrate the lev-

els of sensitivity and specificity achieved by the RS acquisition and data processing
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techniques developed in this work for analysis of biochemical changes in single human
cells.

The primary DU145 irradiation study presented in chapter 6 is the first use of RS
to observe radiation induced biochemical changes in single human cells cultured in
vitro. The sensitivity of RS to different types of biomolecules in a single acquisition is
shown to enable the noninvasive and nondestructive observation of radiation induced
effects in single living cells. It is demonstrated that the application of PCA effectively
discriminates between cell cycle related spectral changes and the spectral changes
arising from a radiation induced biochemical response. The radiation induced spectral
changes observed in irradiated DU145 cells are found to be isolated to the second PCA
component obtained from the data set and are assigned to various nucleic acids, lipids,
amino acids and conformational protein structures (table 6.1). Analysis of the PCA
scores for the second PCA component indicates that the magnitude of the spectral
changes observed increase with both the irradiated dose (0 to 50 Gy) and the post-
irradiation incubation time (0 to 120 hours). This successful demonstration of the
sensitivity of RS to radiation induced changes in single cells demonstrates that RS is
indeed an attractive modality for radiobiological studies of living biological systems,
and provides the foundation for subsequent studies involving different in wvitro cell
lines and different models of cancer, presented in chapter 7.

In the first study presented in chapter 7, a preliminary panel of seven human
tumour cell lines derived from prostate (DU145, PC3, LNCaP and PacMet), breast
(MDA-MB-231 and MCF7) and lung (H460) is used to demonstrate that RS can
detect biochemical signatures of in vitro radiation response (i.e., radiation induced
PCA components) that segregate according to p53 status and intrinsic radiosensitivity
(SF3). Through analysis of the corresponding PCA scores, the observed RS signa-
tures are found to arise from radiation induced changes in the cellular concentrations
of aromatic amino acids, conformational protein structures, and certain nucleic acid
and lipid functional groups, and are detected from live cells analyzed 1-3 days post-
irradiation. This demonstrated sensitivity to the biomolecules responsible for the
observed radiation responses provides new insight into possible mechanisms of radi-
ation survival, and into the differences in such survival mechanisms between wt p53
and mt pb3 cell lines. Potential radiation induced biochemical response mechanisms
underlying these RS observations, which may increase or decrease tumour cell survival
post-irradiation, are postulated. Preliminary results obtained from a mouse prostate

tumour cell line (TRAMP-C2), irradiated both in vitro and in vivo (as solid tumours



194

in mice), indicate that RS signatures of radiation resistance or sensitivity observed
in vitro may also be detectable from tumour cells obtained from an irradiated solid

tumour.

Implications for future work

The results presented in chapters 6 and 7 demonstrate the utility of using RS for
radiobiological investigations at the single-cell level. Specifically, the observed rela-
tionship between the RS radiation response signatures and intrinsic radiosensitivity
supports the possibility of using RS for detecting radiation resistance or sensitivity
in clinical practice. Future work may lead to the development of RS techniques for
monitoring or predicting tumour response in radiation therapy patients. Although
the single fraction doses of radiation used in this work are very high from a clinical
standpoint (15 — 50 Gy versus 1 — 2.5 Gy per fraction), there are other established
techniques for enhancing the sensitivity of biological Raman signals, such as surface
enhanced Raman scattering using targeted nanoprobes [213-217|, which may prove
useful for detecting radiation responses with RS at lower, more clinically relevant
doses.

The results of the first study in chapter 7 suggest that certain biochemical changes
across proteins, nucleic acids and lipids, observed with RS noninvasively from live,
unfixed, single cells 1-3 days post-irradiation, may be the result of cellular mecha-
nisms that promote cell survival after radiation exposure. If confirmed, this result
would make RS a very attractive technique for future studies designed to understand,
monitor or predict radiation response. However, future work must initially extend
these results to a larger panel of tumour cell lines to further investigate the corre-
lation between observed RS biochemical radiation response and clonogenic radiation
survival in vitro. Clonogenic measurements of intrinsic radiosensitivity performed by
the same laboratory may provide improved radiosensitivity discrimination across the
tested cell lines, possibly allowing for improved comparisons and correlations with
RS observations. In addition, complementary biochemical analysis techniques with
superior molecular specificity as compared to RS, such as flow cytometry or other
conventional staining assays, may be helpful in elucidating a biological explanation
for the radiation response signatures observed with RS (e.g., radiation induced ex-
pression of known survival signals or anti-apoptosis factors).

It is also necessary for future RS studies to investigate the biochemical radiation

response of human tumour cells grown and irradiated as solid tumours in mice, with
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comparable radiation doses as used in this work. The second study presented in
chapter 7 demonstrates that the primary sources of spectral variability observed from
a mouse prostate tumour cell line (TRAMP-C2) irradiated in vitro are also observed
when the same cell line is grown and irradiated as a solid tumour in vivo prior to
extraction of tumour cells for RS analysis. This preliminary result suggests that the
candidate RS signatures of radiation resistance and sensitivity observed in this work
in vitro may also be detectable from tumour cells obtained from patients undergoing
radiation therapy treatment. It is encouraging to note that the in wvitro radiation
response of the TRAMP-C2 cell line is the weakest of the in vitro responses observed,
and yet a similar radiation “enhanced” response is still observed from TRAMP-C2
cells grown and irradiated in vivo. As such, it is likely that the inherently stronger
radiation responses of the human tumour cell lines investigated in chapter 7 may also
be observed with RS from tumour cells grown and irradiated as solid tumours in mice.
Modifications to the sample preparation and RS acquisition techniques, as suggested
in section 7.6.4, will improve the robustness and portability of the RS techniques for
such future studies.

It is also postulated in chapter 7 (sections 7.4.4 and 7.6.2) that the radiation
responses observed with RS in this work may not be unique to radiation exposure.
Both the in vitro radiation response signature obtained from the H460 cell line and
the candidate in vitro and in wvitro radiation response signatures obtained from the
TRAMP-C2 cell line are also obtained, with reduced percent variance explained, from
data sets composed of only unirradiated tumour cells. This result may indicate that
other factors, such as stresses imposed on tumour cells by the tumour microenvi-
ronment, may induce a biochemical response in tumour cells similar to the response
observed post-irradiation. If confirmed, it is possible that RS analysis of such bio-
chemical sources of variability in tumour cells prior to irradiation may have merit
for prediction of radiation resistance or sensitivity in clinical radiation therapy treat-
ments.

Although this work has focused on investigating the response of tumour cells to
radiation therapy, the methods developed may also be applied to investigate tumour
cell response to other forms of cytotoxic cancer therapy, such as chemotherapy. Inves-
tigating biochemical mechanisms of chemotherapy drug response, including possible
mechanisms of resistance or sensitivity, may also provide significant benefit to the

advancement of personalized cancer therapy.
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