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Executive Summary

Raman spectroscopy is a powerful molecular fingerprinting method which measures
the vibrational modes of molecules to identify and quantify chemical species. In
biomedical spectroscopy, where samples are usually complex mixtures of many
molecules, Raman spectra give a biochemical “portrait” that can be used to discriminate
between distinct samples. One major technical challenge in implementing Raman
spectrometer sensors is the technique’s low intrinsic signal to noise ratio. To amplify the
Raman signal, a number of different approaches can be applied. In this thesis two
techniques are used; surface enhanced Raman scattering (SERS) from metal
nanoparticles along with light-matter interaction enhancement from co-coupling light and

sample to a liquid core waveguide.

In order to process the complex spectral data arising from these sensors, a robust
signal processing method is required. To this end, we have developed and validated a
machine learning spectral analysis platform based on genetically optimized support
vector machines (GA-SVM). This work is the subject of Chapter 3. We found that the GA-
SVM significantly outperformed the standard statistical based modelling approach, partial
least squared, in regression tasks for several different biomedical Raman applications.
Furthermore, we found that the use of more complex kernel functions in the SVM yielded
superior results. The genetic optimization algorithm was necessary to use these more
complex kernel functions because its computation time scales linearly with complexity,

whereas the standard brute force approach scales exponentially.

Chapter 4 concerns the development of a Raman sensor used to quantify and identify
pathogenic bacteria. This device centres on a microfluidic flow cell which forces bacteria
to flow through a hollow-core photonic crystal fiber (HC-PCF) to which the Raman
excitation laser is also coupled. The bacteria are also mixed with silver nanoparticles to
simultaneously achieve SERS and light-matter interaction enhancement in the sensor.
Overall, the fiber and nanoparticles yield a bulk enhancement of 400x for the Raman

spectrum. Bacteria are quantified in this system by counting the number of “spectral



events” that occur as cells flow through the HC-PCF in a 15-minute window. This
approach achieved very high linearity, as well as an average detection limit of 3.7
CFU/mL. In addition, bacteria are identified by using the same GA-SVM algorithm
developed in the preceding chapter. These machine learning models achieved a
discrimination accuracy of ~92% when comparing the spectra of the bacteria S. aureus,
P. aeruginosa, and E. coli. In mixed samples of bacteria, the error of quantification
increased significantly to 13.3 CFU/mL, but the output of the sensor was highly correlated
with the ground-truth bacterial load.

In Chapter 5 we outline the development of a diagnostic scheme for chemoresistance
in ovarian cancer based on SERS measurements from cysteine-capped gold
nanoparticles. Resistance to chemotherapy was determined based on three factors: the
concentration of tumor derived exosomes, the chemical composition of the exosomes,
and the concentration of exosome-derived cisplatin. Cisplatin is the drug of interest for
this problem, as it is the most basic chemotherapy agent. The system works by first
incubating the gold nanoparticles with tumor derived exosomes. The cisplatin therein
causes the particles to destabilize slightly, resulting in the aggregation rate of the
nanoparticles being proportional to the drug concentration. At steady state aggregation,
the magnitude of the Raman spectrum is proportional to the exosome concentration, and
the spectrum contains its chemical identity. Using in vitro cancer cell lines, we found that
resistant cells tend to produce more exosomes and excrete a higher concentration of
cisplatin within them. Overall, this sensor exhibited good diagnostic power for

chemoresistance patrticularly in the most common subtype in ovarian cancer.
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Chapter 1 Thesis Objectives and

Contributions

1.1 Thesis objectives and outline

A good sensor is comprised of a number of elements that must work together in order
to make high quality measurements. These include the transduction element, signal
conditioning and amplification, the data processing, and communication. For a system to
be useful outside of a research setting, other aspects such as manufacturability, usability,
and economic considerations must also be built into the total design. The broad goal of
this thesis is to design medical diagnostic systems which synthesize all of these elements,

in order to create point-of-care diagnostic systems with real world utility.

Raman spectroscopy is the chosen modality for chemical sensing used in this thesis,
due to this technique’s numerous strengths. Primary among these is the fact that Raman
is a vibrational fingerprint technigue, that uses a single incident wavelength to probe the
unique normal vibrational modes of a molecule. The resultant spectra can then be applied
to quantify chemical species in a sample, or differentiate chemically distinct samples,
without the need for label molecules, molecular probes, or biorecognition elements. This
contrasts with many conventional assays used in medicine or biological research which
rely on expensive reagents that are consumed during the reaction. ELISA assays are an
ubiquitous example of this. These techniques are often used to quantify a biological target
by capturing it with an antibody, which is then attached to an enzyme like horseradish
peroxidase that catalyzes a colour change in a solution, which is quantified via optical
absorbance measurements. To isolate targets from a sample before antibody-based
detection it is also common to employ Western blots, wherein proteins are separated via
gel electrophoresis. This process requires the gel itself, as well as a number of buffer
solutions that are consumed in the process. Through designing novel label free chemical
sensors, the goal is to reduce the time and costs associated with medical diagnostics,

while also improving sensitivity, specificity, and detection limit. Furthermore, when using
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a molecular fingerprinting approach such as Raman, it is possible to develop an inherently
multiplexed sensor that employs intrinsic chemical differences to identify or quantify
multiple desired targets simultaneously. In most other techniques, including other
biosensors, multiple biorecognition elements are required in order to develop a multiplex

sensor which increases the cost and complexity of manufacturing.

The aforementioned strengths of Raman spectroscopy are hindered in practice due
to the fact that Raman scattering cross-sections are very low, meaning the signal-to-noise
ratio of these measurements can be poor. A significant body of research on Raman
sensors thus relates to methods of signal amplification. The two approaches employed in
this thesis are surface enhanced Raman scattering (SERS) and fiber enhanced Raman.
The former approach relies on the resonant properties of metal nanostructures to
concentrate the excitation field into sub-wavelength sized modes and enhance
photoluminescence via the Purcell effect. The latter involves extending the depth of focus
of the excitation laser by co-coupling both light and fluid into the same cavity. The
theoretic basis of these enhancement techniques, and Raman scattering in general, is
provided in Chapter 2.

To successfully employ Raman spectroscopy in multiplex detection, or even single
analyte detection in a complex background matrix, advanced multi-variate signal analysis
algorithms are needed. For this reason, in Chapter 3 we outline the development of a
machine learning approach for Raman spectral analysis based on support vector
machines with genetically optimized similarity functions (kernels). The resultant algorithm
supports all subsequent sensor development in this thesis as the primary data processing

modality.

Sensor development in this thesis was guided by two medical applications; diagnosis
of hospital acquired infections, and determination of chemoresistance in ovarian cancer.
With respect to infections, the current gold-standard for diagnosis involves culturing of
bacteria acquired from patient samples. The primary issue of this technique is the long
lag times which result from the rate at which bacteria grow. In some cases, infecting

pathogens may not grow under standard culture conditions at all. As such, we sought to



eliminate the need for laborious culturing steps by developing a highly sensitive means
of detecting bacteria via SERS in a fiber-based flow cell. This work is the subject of
Chapter 4. In our other application, the current approaches used to determine
susceptibility to chemotherapy in ovarian cancers are lacking in accuracy and timeliness.
Our collaborators at the Ottawa Hospital Research Institute have recently identified a
number of biomarkers that could be used to determine chemoresistance. One of these
potential markers is exosome-derived chemotherapy drug, for which we developed a
sensor based on a kinetic SERS assay on amino acid functionalized gold nanopatrticles.

This work is outlined in Chapter 5.

The experiments conducted over the course of this thesis also provide the basis for
future research directions. These include bio-functional SERS substrates, novel
microfluidic systems, and advanced microscopy techniques. These ideas are elaborated
upon in Chapter 6 with the goal of providing new researchers a starting point for ideating

future projects.

1.2 Novelty and contributions

The work conducted in this thesis has produced a number of innovations and new
scientific data that are of interest to the fields of chemical sensing, chemometrics, Raman

spectroscopy, and medicine. These include:

e The use of complex hybrid kernel functions in SVMs to analyse Raman spectra,
supported by a genetic algorithm whose analytical fitness function greatly reduces
processing times compared to other techniques. In the past, only simple kernel
functions have been used, due in part to the computational load required to
optimize more complex functions. Here, we have shown that complex hybrid kernel
functions yield superior models in many Raman chemometric problems.

o This was the first work to our knowledge to apply an analytical fithess
function in the optimization of SVM regression, thereby facilitating the use

of complex kernels with minimal computation time.



e Building our group’s previous work on HC-PCF Raman, we developed the first
SERS flow cytometry system using an optical fiber based flow cell, which supports
both SERS and depth-of-field enhancement of Raman spectra. This is applied to
the rapid and culture free identification and quantification of bacteria in serum of
synovial fluid, achieving a low detection limit in a short assay time. Eliminating the
need to culture bacteria in order to get an accurate diagnosis has huge potential

for improving quality of care.

e Designed a novel sensing system for the chemotherapy drug cisplatin and tumor
derived exosomes. Cisplatin was found to modulate the stability of cysteine-
capped gold nanoparticles, yielding an aggregation rate that was proportional to
the drug concentration. As the particles stochastically aggregated about exosomes
in the sample, the intrinsic SERS spectra generated thereof could be used to
differentiate different subtypes of ovarian cancers as well as classify their
chemosusceptibility.

o Developed a simple means of synthesizing highly stable cysteine capped
gold nanopatrticles.

o Used this sensor to analyse the effect of plasma gelsolin, a protein
suspected of playing a role in chemoresistance. Thus the sensor was found

to be useful both as a diagnostic, and research tool.

1.2.1 Journal Articles

1.2.2 Produced as part of this thesis

Robert A. Hunter, Meshach Asare-Werehene, Aseel Mandour, Benjamin K. Tsang,
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Enhanced Raman  Scattering.” Sensors and Actuators B: Chemical.
doi:10.1016/j.snb.2021.131237

Robert Hunter, Ali Najafi Sohi, Zohra Khatoon, Vincent R. Berthiaume, Emilio I. Alarcon,
Michel Godin, Hanan Anis. (2019) “Optofluidic SERS platform for rapid bacteria detection
in serum.” Sensors and Actuators B: Chemical. doi:10.1016/j.snb.2019.126907
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1.2.3 Related to this thesis
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Chapter 2 Introduction to Raman

Spectroscopy and Enhancement

2.1 Introduction

This chapter will provide a brief introduction to Raman scattering and its associated
techniques. Particular focus will be placed on methods by which inelastic scattering can

be enhanced so that this approach can be applied to the detection of dilute analytes.

2.2 Raman Scattering
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Figure 1: (A) Example of a diatomic molecule considered as two masses (atoms) and a
spring (bond), (B) and the resulting scattering at Rayleigh, Stokes, and anti-Stokes Raman
frequencies. (C) The same as visualized using quantum energy levels.

Raman spectroscopy is a vibrational spectroscopy technique which uses a single
excitation wavelength to probe the energy distribution of bond vibrational modes in a
molecule. This techniqgue has been applied in numerous chemical analyses from
pharmaceutical quality control to medical diagnostics. Raman scattering arises from the
inelastic scattering of photons from molecules, wherein energy is exchanged between a
bond vibration and the scattered photon. To describe this phenomenon from the

perspective of classical mechanics (derivation adapted from [1]), consider a diatomic



molecule as two atoms with masses m,; and m, bound together by a linear spring with a
Hooke’s law constant of k. Each of these two molecules can move in three dimensions,
thus this diatomic molecule has six degrees of freedom. However, three of these are
simply translation of the molecule, and two more are rotations, thus we only have one
vibration wherein the atoms synchronously stretch and compress the bond without
moving the centre of mass. The dynamics of bond length x in this vibration can be
described by a 2" order differential equation which is the sum of the atomic inertia and
restoring force of the bond

F:dmf

d2x + kx. (1)

In this equation we consider some arbitrary applied force F, and the reduced mass m,. =

-1
(mi+mi) . Solving for the impulse response of this system results in a resonant
1 2

vibration whose natural frequency expressed in terms of wavenumber vy, is

1 k

Ve = — |—,
k7 2mc m, (2)

where c is the speed of light in vacuum. Even in this simple model, it can be seen that
different combinations of atoms and bonds will lead to a unigue set of normal vibrational
frequencies which, if measured, can be used as a spectral fingerprint of a molecule [2].
In the classical model presented here, this resonant vibrational frequency represents the
ground energy level of the discrete quantum model for a harmonic oscillator.

To generalize this analysis to consider molecules with multiple bonds and normal
vibrations let us replace x with q,, which is a normal coordinate for describing the motions
of atoms in the k" normal vibration. As a bond vibrates, there is a sinusoidal change in

this distance between the two atoms in our diatomic molecule given by

qr = qp cos(2mcvyt + @), (3)



where g, is the vibrational magnitude and ¢ is the vibrational phase, considering g, = 0
as the average bond length. This periodic change in bond length also leads to an
associated change in the bond polarizability a. This factor describes the magnitude of the
dipole moment (1) generated in response to an applied electric field as y, = a(qr)E. Even
without knowing an analytical description of a(q,), we can expand it as a Taylor series
and retain only the 0" and 15t order dependencies on the bond length to describe the total

dipole for normal vibration k as

Jda

ﬂk=<ao+@

qp cos(2mevyt + (,b)) E. (4)
qr=0

If an electromagnetic wave described by E = E,cos(2mcvyt) is incident on this vibrating

molecule, the overall oscillating dipole moment then becomes

2
+ cos(2mclvy + vttt + ¢)].

1/0ay +1
Ur = aoEy cos(2mevyt) + = (—) qrEo[cos(2mc[vy — vy 1t + ¢)

Where «, is the average polarizability, and da/dqy is the change in polarizability with
respect to the vibrational amplitude of the k™ bond mode. We observe that the resulting
dipole has three components. The first is at the frequency of the incident radiation,
causing the molecule to elastically scatter light. This is known as Rayleigh scattering, and
accounts for the majority of the radiation scattered from a molecule. The second and third
oscillate respectively at the beat frequencies between the excitation frequency and the
two normal molecular vibrations one level above and below its current vibrational state.
These describe Stokes and anti-Stokes Raman scattering respectively. At room
temperature, the majority of molecules will be in their ground vibrational states, therefore

Stokes scattering dominates over anti-Stokes under normal conditions.

From this analysis, we can also derive some insight into the radiated intensity of

Raman scattering. An electric dipole radiates a total power of
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b= (6)

where p, is the amplitude of the dipole moment, and g, is the permittivity of free space.

. 1(9
For Raman scattering, ==(Z) g%, and v = v + vi! = v, because we assume that
Ho 2 \ag qrxLo 0 k 0
k

the laser frequency is much greater than the vibrational frequency. Thus, we find that
Raman scattering intensity is linearly proportional to the laser intensity, and scales with

the fourth power of the incident wavenumber v;.

Additional understanding can be gleaned from the quantum description of Raman
scattering. In this picture, the energy of the incident radiation is in between the resonant
energy of vibrational and electronic transitions. Therefore, many possible “virtual” states
are excited rather than a real state of the molecule. The transition rate describing Raman

scattering Ry;y-r), Which is proportional to the scattered power, is given by

Rip-1p) = Z

e

2

(f |ter|eXelmieli) Eol2D (w0, -

Wy — We; T jT

where [i), |e), and |f) are the initial, excited (virtual), and final states respectively, p.,
and y;, are the perturbations of the Hamiltonian coupling between the subscript states,
and T, is the transition damping due to the lifetime of |e) [3]. In agreement with the
classical description derived earlier, we find that the rate is proportional to the intensity of
the excitation source which has frequency w, = 2rcv,. Additionally, the transition rate is
also proportional to the density of final states at the frequency difference between [i) and
|f) which is given by D(wﬂ). In the case of Stokes Raman scattering ws; = wo — 2mevit,
The idea of enhancing Raman scattering by increasing the local D(wﬁ) by placing a
molecule in a cavity whose resonance is near wy; is the basis of surface enhanced Raman

scattering which is the subject of Section 2.5.1.

By measuring the spectrum of these Raman shifted photons, we can observe the
normal vibrational energies of all modes within the molecule that modulate its

polarizability, thus acquiring its unique spectral fingerprint. These spectra are usually
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shown as a Raman shift, with the frequency expressed in wavenumbers (cm?) relative to
the excitation (Rayleigh) peak at zero. Stokes shifts are considered to be positive Raman

shifts in this convention.

2.3 Band Assignment
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Figure 2: The Raman spectrum of ethanol in the fingerprint region with the peaks labelled with
their corresponding Raman shift.

With this basic understanding of Raman scattering, let us now consider the factors
which contribute to generating real spectra, and how we can determine the bond
vibrations associated with a Raman band. In general, a given molecule with N atoms will
have 3N — 6 vibrational degrees of freedom (or 3N — 5 for linear molecules). Each normal

vibrational frequency k can be measured as a Raman scattered field so long as its

polarizability modulation, ;T“ as seen in equation ( 5 ), is not equal to zero. Whether or
k

not a certain vibration is “Raman active” depends on the geometry of the molecule.
Specifically, if a molecule has a center of inversion symmetry, then any vibrations that are
anti-symmetric with respect to this point will have ;T“ = 0. In addition to these normal

k

vibrations, combination terms such as harmonics and beat vibrations are also present,

but these are often too weak to be observed.

Take for example the Raman spectrum of ethanol displayed in Figure 2. Ethanol has

9 atoms, and therefore has 21 vibrational degrees of freedom, all of which are theoretically
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Raman active because ethanol lacks inversion symmetry. The spectrometer used in this
thesis captures Raman spectra in the “fingerprint” region up to 1800 cm™. The Raman
bands of ethanol in Figure 2 are labeled with their corresponding vibrational frequencies
and assigned in Table 1. The most straight forward method to determine these band
assignments is to simply find tabulated data as | have done in this example [4]. This is
relatively easy if the molecular constituent of the sample is known, but may be more
complicated in samples containing many molecules and/or those whose identity is not
known a priori. In these cases, band assignments are considered tentative at best. If the
structure of a certain molecule is approximately known, one can also determine the
vibrational mode energies using ab initio simulations and compare the results to Raman

spectra [5].

Table 1: Band assignment for ethanol Raman spectrum [4]

Raman Band (cm”) Assignment

431 CCO bend

653 COH bend

808 CHa2 rock, CHs rock

880 CCO symmetric stretch

1049 CCO asymmetric stretch

1100 CHs rock, COH deformation

1279 CH2 wag

1380 CH2 wag, CH3 symmetric deformation
1446 CHs asymmetric deformation

1484 CH: deformation
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There are several other considerations that will effect a Raman measurement that
may also need to be accounted for. For example, in liquids Raman bands are broadened
due to the damping effect of molecular collisions within the fluid and hydrogen bonding
with the solvent [1]. This means that bands regularly overlap, and rotational modes cannot
be resolved. In solid crystals, there are also long-range lattice vibrations that will appear

in the Raman spectrum.

2.4 Raman Spectral Acquisition

0 400 800 1200 1600
Raman Shift (cm™)

Figure 3: Basics of Raman spectral acquisition. (A) Schematic of a simple Raman spectrometer
wherein a laser is collimated by a GRIN lens onto a tuning mirror (M1). The laser is then filtered
by a bandpass filter (BPF), and reflected by a longpass dichroic mirror (DCM) before being
focused on the sample through a lens (L1). L1 collects Raman scattered photons from the
sample, whose longer wavelength allows them to pass through the DCM and a longpass filter
(LPF) before being focused through another lens (L2) onto a multimode fiber bundle (FB) into
the spectrometer. (B) Transmission and reflection of the DCM used in this thesis, namely
DMLP805 from Thorlabs. (C) The DCM properties from (B) in the fingerprint region of the
Raman spectrum. All DCM properties were acquired from the Thorlabs website.

The basic set-up for Raman measurements consists of 1) a single frequency source,
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2) filtering optics, 3) sample and illumination optics, and 4) the spectrometer. The example
in Figure 3A illustrates the basic Raman system used in this thesis. The laser is a 785 nm
distributed Bragg reflector (DBR) laser, driven by a current and thermoelectric cooling
controller. The DBR laser is a class of single frequency semi-conductor lasers wherein
the gain region is flanked by two elements of periodic refractive index (Bragg gratings).

The result of the periodic structures is that a certain wavelength, which is phase matched
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to the periodicity of the gratings, will be strongly reflected in the cavity due to constructive
interference from reflections from each grating element [6]. The result is a laser output
with a much narrower spectral line width than provided by the Fabry-Perot cavity or gain
spectrum of the active layer alone. This is important in Raman spectroscopy in particular
because Raman bands are also spectrally narrow. Since the laser frequency distribution
is convolved with the Raman frequency distribution, the use of simple lasers with broad
emission bands would significantly reduce the resolution of the spectrometer. DBR lasers
are not the only class of single frequency excitation sources that may be used for Raman
spectroscopy. Any narrow bandwidth source such as atomic emissions from a gas
discharge lamp or distributed feedback, external cavity, or vertical cavity surface emitting

lasers can be used.

This laser reflects off a tuning mirror and into a filter cube which consists of an
excitation filter (bandpass, BPF), a dichroic mirror (DCM), and an emission (longpass,
LPF) filter. The purpose of a filter cube is to pass the excitation radiation to the sample,
while passing only the emission from the sample to the detector. The bandpass excitation
filter is chosen such that the design wavelength of the filter is the same as the laser, and
is used to eliminate any spectral sidebands produced by the laser and further reduce its
bandwidth. The DCM can be chosen as either a longpass or shortpass mirror, and this
depends on the specific layout of the system. In this example, a longpass mirror is used,
thus reflecting the excitation beam towards the sample, and transmitting the Stokes-
Raman scattered photons. In order to collect as much of the Raman spectrum as possible,
the excitation wavelength should be close to the red edge of a longpass mirror or the blue
edge of a short-pass mirror. Thus the Raman spectrum will primarily lie in the transmission
or reflection band respectively. The longpass filter located after the DCM is used in order
to further reduce the amount of excitation frequency that enters the spectrometer. This is
necessary because Rayleigh scattering and reflection dominates over Raman scattering
by several orders of magnitude. Again, the excitation wavelength should be as close to
the red edge of the reflection band as possible. In the basic Raman system used in this
thesis, the DCM is a longpass 805 nm cut-on mirror with a reflection band from 400 — 785
nm and a transmission band from 825 — 1300 nm as shown in Figure 3B. Note that the

transition region of the mirrors means that Raman shifts smaller than 350 cm-* will not be
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efficiently collected by this system as shown in Figure 3C where the DCM specifications

are shown in terms of Raman shift from a 785 nm source.

The beam reflected from the DCM is incident on a lens that focuses the light onto a
sample to excite scattering. Since Raman scattering is isotropic, it can be collected in any
direction. Thus in the simplest case, the same lens is used to both excite and collect
scattering. In our experiments, the lens was a plano-convex aspheric with NA = 0.6 and f
= 10 mm. Raman scattered photons collected by this lens pass through the DCM and are
coupled into a spectrometer. These systems are usually either grating or Michelson
interferometer based. In the case of a grating based system, the spectrometer consists
of an array of imaging optics which project the image of the entrance slit onto a camera
detector. The imaging array contains an area of infinity space where the grating is located.
The light incident on the grating is diffracted into a number of grating orders m, with

angular dependence on the incident wavelength A. The grating equation is given by

sin(a) + sin(B) = m7/1. (8)

This angular deflection of the beam results in a spatial distribution of a spectrum over the
camera. In an interferometer based spectrometer, the circular entrance pupil is imaged
through a Michelson interferometer onto a single detector. One of the arms of the
interferometer is attached to a motor that moves the corresponding mirror. The resulting
change in path length changes the interference pattern measured by the detector and the
spectrum of the input can then be extracted from the interference pattern by means of

Fourier analysis.

Using these basic ingredients for instrumentation, it is possible to develop Raman
spectroscopy systems to suit a wide variety of applications. For example, Raman
scattering can be excited and collected through a fiber optic probe to perform endoscopy
[7], or the exaction and collection optics can be spatially offset to efficiently collect Raman
scattered photons from deep inside scattering media [8]. Microscopes can be constructed
by adding a means of scanning the laser beam waist over an area of interest, generating

a spectrum at each point [3]. Additional instrumentation can be added to isolate Raman
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scattering from competing fluorescence, such as by modulating the laser intensity and
using a lock-in detector to temporally discriminate these signals [9]. Raman instruments
can also be added into other imaging/detection modalities for added functionality. For
example, Raman spectra can be acquired from particles trapped in optical tweezers to

perform various analyses [10].

2.5 Enhancement of Raman Scattering

Molecular fingerprinting with Raman spectroscopy is potentially very powerful, but this
technique has a significant drawback; Raman scattering is very weak, and only about 1
in 107 photons are inelastically scattered. The overall measured intensity of Raman
scattering is proportional to the incident excitation intensity, the number of scatterers, the
square of the polarizability modulation (da/dq,)?, the fourth power of the incident
wavenumber vg, the local photon density of states (DOS) D(wﬁ), as well as instrument
specific factors such as detector efficiency and losses from optical components. In many
cases there are certain limits placed on these parameters, and they cannot be increased
beyond a set point. For example, in biomedical Raman spectroscopy the laser power
cannot be so high as to damage cells or tissue. Additionally, the laser wavenumber should
be in the biological optical window, which resides in the NIR regime, in order to minimize
absorbance and background fluorescence. Using these longer wavelengths is necessary,
but significantly reduces Raman intensity due to the v dependency. A substantial body
of research exists regarding methods to amplify Raman scattering in order to increase its
utility. The subsequent sections will describe the two enhancement methods employed in
this thesis; surface enhanced Raman scattering, and fiber enhancement. Other methods

employed in this field will be briefly mentioned at the end of this section.

2.5.1 Surface Enhanced Raman Scattering (SERS)

One of the most common approaches to Raman amplification is surface enhanced
Raman scattering (SERS), which occurs when a molecule is within the localized surface
plasmon resonance (LSPR) mode of a metal nanostructure. This phenomenon results
from the unique optical properties of metals, due primarily to the free electrons in the

conduction band. The Raman scattering enhancement that results from optical excitation
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of metal nanostructures is due to the local resonant increase in electromagnetic field
intensity, the Purcell effect, charge transfer resonances, and molecular resonances.
These elements are in turn dependant on the size, shape, and material(s) constituting the
nanostructure. Numerous different structures made of conductive materials such as gold
[11], silver [12], or copper [13] have been reported. The most common of these is the
metal nanopatrticle, which is often formed from a bottom-up synthesis involving reduction
of metal salts. The result is an approximately spherical particle which is then made to
interact with a molecule of interest in order to acquire SERS spectra. Let us consider a
model for the secondary emission enhancement experienced by a molecule near the

surface of such a spherical nanopatrticle.

2.5.1.1Theory of SERS
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Figure 4: lllustration of metal nanopatrticle resonators used in SERS. A) lllustration of the main
dipole localized surface plasmon resonance mode of a metal nanoparticle and its associated
circuit model. Resonance arises from the exchange of energy between the static field
capacitance Cr and the inductance from electron momentum Lg with losses arising from the
metal and due to radiation y;. B) Qualitative illustration of a coupled mode between two
nanoparticles illustrating the plasmonic “hotspot” that forms between them.

A completely unified theory of SERS accounting for electromagnetic as well as
resonant electrochemical enhancement effects is still an area of active research and is
therefore beyond the scope of this thesis. In this section, a simple model that accounts
for the majority of relevant enhancement effects will be shown, as adapted from the

following texts [3,14-17] which the interested reader is encouraged to consult for more
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detail. If we consider a single metal nano-sphere with radius a in a homogeneous
dielectric with permittivity 4, and input an electromagnetic field such that 4 > a, we can
consider the local field in the vicinity of the particle to be homogeneous at any time ¢t and
therefore apply an electrostatic approach to determine the modes of the particle that

satisfy the Laplace equation
2 —
V2 =0, (9)

where & is the electric potential. We can apply the known solutions to this equation, which
take the form of Legendre polynomials [18], and utilize the electromagnetic boundary
condition requirements to find a solution. Furthermore, consider only a single molecule in
the vicinity of the nanoparticle on its polar axis. Thus, for this analysis we may neglect the
angular dependency of the polynomials. The boundary conditions are continuity of the
electric field tangential to the interface, and continuity of the displacement field normal to
the interface. The latter requirement necessitates that the real parts of the permittivities
satisfy

le,(w) + (U +1Deg(w) =0]1>0, (10)

where w; is the resonant frequency of the I mode (related to the I Legendre polynomial).

If the permittivity of the metal is described by the Drude model, then

2
Wp

=1-—"rr
gm(w) a)2+ja)y'

(11)

where w, is the plasma frequency, and y is the damping rate of the metal. If ¢, is constant
over all frequencies then the resonant frequency of the [!" mode is that which satisfies

equation (10)

2
o = |—2 e (12)
l+(l+1)€d

It should be noted that, for completeness, the permittivity in equation ( 11 ) treats the

metal as a pure plasma and ignores the contribution of the bound valence electrons. A
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more accurate model can be obtained by including Lorentz terms in place of the 1 in the
right-hand side of equation ( 11 ). These are omitted here for the sake of clarity, and their

inclusion does not significantly alter the concepts described next.

These LSPR modes supported by the particle have their maximum intensity
directly at the surface of the nanoparticle (r = a). The | = 1 mode takes the form of a
dipole resonance parallel to the applied electric field that is set up due to the longitudinal
exchange of energy between the electric potential (capacitance), and the motion of
conduction electrons in the metal (inductance). The illustration in Figure 4A shows this
dipole mode along with an equivalent circuit model based on the work by Engheta et al
[19]. This LSPR mode has an associated dipole moment, meaning that it is capable of in
and out coupling of radiated energy. All higher order modes more closely resemble
surface plasmon polariton modes which cannot be directly coupled to free-space

radiation.

As shown in equation ( 7 ), the Raman decay rate is proportional to the term
|E0|2D(wfi), the product of the electric field magnitude and the local DOS. The ratio of

this quantity in the presence and absence of the metal nanoparticle is the overall

enhancement, also know as the Purcell factor F

_ |ED|2Dlocal(wfi)
|Eo|2D(wyi) (13)

where Dlocal(wﬁ) is defined as the local DOS in the vicinity of the metal nanoparticle due
to the Purcell effect. This effect, originally outlined in 1946 by Edward Purcell, describes
the reduction in the spontaneous emission lifetime of a quantum emitter placed in a cavity
with allowed modes at the emission frequency [20]. The rate is increased proportionally
to the quality (Q) factor of the resonator and inversely proportional to the mode volume.
First, let us consider Raman scattering enhancement due to the buildup of local field
intensity due to the LSPR modes. Specifically, we need only consider the [ = 1 mode to

which external radiation can couple, and specify that the scattering molecule is on the
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polar axis of the nanoparticle. The associated electric field magnitude outside the

nanoparticle |Ep|? is then given by

@3 er—e |
2 _ |5 |2 @ & " Em _
|Ep|* = |Ep| <1+27‘3€D+2€m >|r>a&0 0, . (14)
Thus the field enhancement is
|ED|2 _ a_3 E&p —&nm
|Eq |2 r3ep + 26, (15)

This equation clearly shows that the field enhancement decreases as r3 as the scattering
molecule moves further from the nanoparticle surface. Therefore, field enhancement is

maximized for molecules bound directly to the particle.

The local DOS is also enhanced because the molecule in the vicinity of the
nanoparticle can radiate energy into the LSPR modes as well as free space modes.
Photons can be scattered into any of the LSPR modes, but only the [ = 1 mode can then
couple into free space radiation. Therefore, there is a competing effect between Raman
scattering enhancement by coupling scattering into the [ = 1 versus a quenching effect
for scattering coupled into the [ > 2 modes. To develop a Purcell factor for this effect, the
Q-factor for an LSPR mode can be estimated from the Lorentzian linewidth f;¢pgr Of its

frequency response. This is given by

1 Vi
2 )
2T (wp — ) +1i/4 (16)

fLspr (‘Ufi) =

where y, is the damping rate of the I'" mode which is equal to the metal damping y for all
[ = 2 modes and the sum of metal damping and radiation decay y,..4 for the dipole mode.

The effective LSPR mode volume is

Ama®

VLSPR,l = m- (17)

Equations (16 ) and ( 17 ) can be combined to yield an equation for Dloml(wﬁ,r),
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frspr(@p) Ty 24
Dlocal(wfi;r)zm(1+a) |r>a&6=0,m. (18)

The density of states for the homogenous medium in the absence of the metal sphere is

B 27‘[233/2C3. (19)

Thus the DOS enhancement is then given by the ratio of Equations ( 18 ) and ( 19 ), and
the total Raman enhancement is the product of this ratio and Equation ( 15 ). From these
equations we find that both the field and DOS enhancements are maximized when w; =

wo = wr;. In Raman scattering, these two conditions are approximately met

simultaneously due to the fact that the excitation and Stokes emission frequencies do not
differ by a large amount. When possible, it is usually optimal to excite SERS using a
wavelength slightly blue shifted from the LSPR resonance peak, so that both excitation

and emission receive maximum enhancement.

The local DOS effect can be further broken down into the contributions from the dipole
LSPR mode, and the quenching effect of the [ > 2 modes. Coupling to the non-radiative
modes is more efficient when the scattering molecule is closer to the nanoparticle surface,
and may result in a net attenuation of Raman scattering. This results in a trade off wherein
molecules that are too close to the metal surface will experience high quenching, while
molecules that are far from the surface will not experience a larger local field magnitude.
With a carefully designed SERS substrate it is possible to optimize the analyte spacing,
the particle size, and the location of maximum field intensity to simultaneously maximize

all SERS enhancement contributions.

The final phenomenon briefly considered in this section is the effect of coupled
nanoparticles on SERS enhancement. From equation ( 17 ) is it evident that as the LSPR
mode order increases the effective volume decreases. Furthermore, these high order
modes also experience low damping due to lack of radiative coupling. The result is a high
D,,.a: for these modes, but they cannot be accessed due to their vanishingly small dipole

moments. By combining two or more nanoparticles, it is possible to couple the dipole
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mode of one particle to the higher order modes of another resulting in high field
confinement in the gaps between particles. The field enhancement in the gap between
two particles is proportional to Q2 whereas it is only proportional to Q for an isolated
nanoparticle. A qualitative illustration of this effect is provided in Figure 4B. Additionally,
the coupling of modes results in a red-shift in the resonant frequency which is
advantageous for biomedical Raman application which often use NIR excitation

frequencies to minimize absorption and fluorescence.

2.5.1.2Intrinsic and Extrinsic SERS sensor approaches
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Figure 5: lllustration of intrinsic and extrinsic SERS approaches.

Given a suitable nanomaterial for SERS experiments, there are two general
approaches one can take to create a sensor for a specific molecule. The first is the
intrinsic approach, which leverages the unique Raman spectral fingerprint of a given
molecule, and requires that it bind to the nanostructure within its LSPR field. Upon Raman
spectral measurement, the spectrum of the target molecule can be isolated from the
spectrum of the background using multi-variate analytical methods. This spectrum can
then be used to identify and quantify the molecule. The advantages of this approach are
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its simplicity and low cost, as well as the possibility for inherent multiplexing. This is due
to the unigueness of Raman spectra, which facilitates detection of multiple targets at once

by deconstructing their superimposed spectra.

Alternatively, one can use the extrinsic approach which relies on measuring the
Raman spectrum from a reporter molecule on the surface of a metal nanoparticle which
is also bound to a recognition element for the target of interest. This recognition element
can be any molecule that binds the target such as antibodies [21], aptamers [22],
complementary DNA [23], or molecularly imprinted polymers [24]. The immediate
challenge with this approach is the fact that the recognition element is usually much larger
than the LSPR field, thus binding the target too far from the metal surface to enhance its
intrinsic spectrum. This is the reason the reporter molecule, often a dye with a high Raman
cross section, is also applied. One example of this approach is immuno-SERS
microscopy, which uses dye-labelled/antibody-conjugated nanoparticles to image the
spatial distribution of target antigens in cells and tissue [25]. The major advantage of this
approach over intrinsic SERS is the specificity afforded by the recognition element. In the
case of immuno-SERS, one will only observe the Raman spectrum of a reporter molecule
when the specific target of its associated antibody is present on the cell. The downside to
this approach is that the recognition element adds significant cost to the SERS substrate,

and multiple elements are required to create a multiplexed detection scheme.

These principals are illustrated in Figure 5 which shows two possible approaches to
detect bacteria with SERS. In the intrinsic method, nanopatrticles are bound directly to
cellular components and the spectra of these are measured. This gives a biochemical
picture of the cell which can be used with multi-variate analysis to identify and quantify
the bacteria. In the extrinsic scheme, bacteria are first captured by a primary antibody
bound to some substrate. Subsequently, a secondary antibody bound to a dye-labelled
nanoparticle will also bind to the bacteria. Therefore, one measures the spectrum of the
reporter dye, and its intensity reflects the quantity of the bacterium targeted by the
antibodies. Biorecognition can also lead to analyte enrichment in some detection
schemes, thereby increasing the measured signal and lowering the detection limit. For

example, consider the SERS lateral flow assay to detect HIV DNA developed by Fu et al
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[26]. Lateral flow assays are a common type of disposable biosensor built on a highly
porous substrate such as nitrocellulose. Well known examples of which are over the
counter pregnancy test strips, or rapid COVID-19 antigen tests [27]. These sensors
consist of three main regions; the conjugate pad containing the bio-conjugate SERS
substrate, the test line containing a primary antibody, and a control line containing a
secondary antibody. As the sample flows through the porous membrane via capillary
action, the target of interest will be concentrated in the test line due to capture by the

primary biorecognition element.

The work in this thesis will primarily utilize intrinsic SERS to create medical diagnostic
systems in order to take advantage of inherent multiplexing by intrinsic spectral
differences. Machine learning algorithms will be leveraged in order to extract these
differences and develop regression/discriminant models. These algorithms are the

subject of Chapter 3.

2.5.1.3 Fabrication or synthesis of SERS substrates

When developing SERS based methods for chemical detection/quantification it is
important to consider the fabrication route used. Ideally, a SERS substrate has high
affinity to the target analyte, a strong plasmon resonance band at the excitation
frequency, high stability and long shelf life, and a facile, inexpensive, reproducible
fabrication method. Conventional approaches to generating SERS substrates fall into one
of several categories. Broadly speaking, metal nanostructures can be created through
either top-down or bottom-up approaches [28]. In the bottom-up approach, one often
starts with a solution of metal salts such as Au®* or Ag* which are then reduced to atomic
metals and formed into nanostructures in the presence of templates formed by surfactant
molecules. The top-down approach starts with macroscopic metals which are either
chemically etched, or subject to physical lithography, to form nanostructures. It is also
possible to combine these approaches in order to fabricate substrates with novel

properties.

The chosen fabrication method will result in either a substrate bound static structure,

or a more dynamic colloidal suspension of particles. Substrate bound nanostructures tend
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to have better reproducibility and stability than their colloidal counterparts, and are
frequently formed through top-down shaping of a supporting substrate followed by metal
deposition. Examples of this include silicon nanopillar arrays formed by reactive ion
etching followed by electron-beam evaporation of gold [29], and magnetron sputtered
silver on glass substrates with nanoscale features from laser ablation [30]. Colloidal
approaches tend to be much simpler, less expensive, and possess a higher surface area
with which to interact with analytes in solution. These colloids are usually formed bottom-
up through a chemical synthesis, and may aggregate around target molecules to create
strong coupled plasmonic resonances. This chemical synthesized colloid approach is the

one taken throughout this thesis.

There are four main ingredients to synthesize metal nanoparticles; the metal ions, the
reducing agent, the capping agent, and the surfactant [31]. The reducing agent is the
molecule which donates electrons to metal ions in solution in order to convert them to
their atomic form. The capping agent is the molecule which binds to the surface of the
nanopatrticles to stabilize the colloid, either by imparting surface charge on the particle
thereby electrostatically repelling nearby particles, or by imparting hydrophilicity then
providing each particle with a protective layer of water or other solvent molecules. The
surfactant molecule essentially forms a nanoscale template through interactions with the
metal surface, thereby guiding the shape in which the nanostructure grows. In the most
common synthesis approach for gold nanoparticles, known as the citrate or Turkevitch
method, citrate acts as the reducing, capping, and surfactant molecule when it is added
to a boiling solution of metal ions [32]. In the reaction, citrate is oxidized to dicarboxy-
acetone, acetone, and other related molecules to reduce the gold ions, and also convert
them to a less reactive hydroxylated form. The initially reduced gold atoms form small
clusters and eventually seed particles. The remaining metal ions are attracted to the
electrical double layer of the seeds where they diffuse, concentrate, and are reduced onto
the surface thereby growing the particles [32]. The end result is a monodisperse colloid
of approximately spherical particles each with a layer of adsorbed citrate which imparts a
negative surface charge. In a similar method, silver nanoparticles can also be reduced by
citrate, but there are some critical differences between these two routes. From a practical

level, all solutions involving colloidal silver should be deoxygenated because silver is
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highly susceptible to oxidation. This reduces conductivity and thereby attenuates the
surface plasmon resonance. Furthermore, unlike citrate reduction of gold, production of
citrate-silver nanoparticles results in a highly polydisperse solution of nanoaggregates
[32].

Citrate is only weakly adsorbed to the surface of nanoparticles after synthesis, and it
is therefore possible to replace it with a different capping agent. Changing the capping
agent changes the physiochemical properties of the nanoparticle, allowing it to bind/repel
different molecules, providing additional stability, and potentially shifting the plasmon
resonance band slightly. A good way to displace adsorbed citrate is to introduce a
molecule with a high affinity for the metal surface, such as molecules with thiol (SH) or
amine (NH2) moieties. An example of a commonly used capping agent is thio-
(polyethylene glycol) (PEG-SH), which has a high affinity for gold surfaces due to the
favourable formation of Au-S bonds [33]. PEG-SH makes the nanoparticle surface
hydrophilic, providing excellent colloidal stability in water. This also has the result of
significantly changing the way in which proteins in biological solutions interact with the
particle. When nanopatrticles are introduced into a biological fluid, a shell of protein known
as a “protein corona” quickly forms around them [34]. The hydrophilic surface generated
by PEG-SH capped particles causes preferential binding of water molecules and thus
less protein adsorbs to the surface. This is one example, but one should expect that any
change in the capping agent will result in different interactions in complex biological
media. Modulation of nanoparticle surface chemistry through biological interactions is
applied in Chapter 5 in developing a chemoresistance sensor for ovarian cancer. Tailoring
the surface chemistry of particles for better performance in other applications is discussed
more in Chapter 6.

It is also possible to generate different shaped nanoparticles by adding different
surfactants or etchants into the synthesis. For example, it is possible to make silver nano-
plates with a modified citrate synthesis by adding hydrogen peroxide as an etchant [35].
Many shapes can be made such as cubes [36], rods [37], stars [38], dendrites [39] and
more. The purpose of using these more complex shapes is the nature of the plasmon

resonance. Sharper features, such as the corners of a nanoplate or the tips of a star tend
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to have strong resonances at longer wavelengths with higher Purcell factors than the

dipole mode of a spherical particle [40-42].

2.5.2 Fiber Enhanced Raman Scattering

Conventionally, Raman spectroscopy is performed using a focused Gaussian
beam with the sample contained inside a glass or quartz cuvette. Since Raman scattering
efficiency is proportional to the incident intensity, the majority of the measured spectrum
will originate from the focal point. The volume of this region is twice the beam’s Rayleigh
range long, with a radius approximately equal to the beam waist. However, due to the
nature of a Gaussian beam, there is a trade-off between the interactions length and the
cross sectional area of the beam. For example, if one wishes to increase the interaction
length then the beam waist must also grow thereby reducing the maximum intensity at
the focus [43]. A figure of merit has been defined in order to illustrate this tradeoff between

interaction length and focal spot size.

%

Fom = Agrr (20)

This value is always equal to 2 for a Gaussian beam. In order to achieve higher figures
of merit, we can employ a hollow optical fiber which exhibits low losses and a small core
diameter [44]. Previous research by our group demonstrated the efficacy of a hollow-core
photonic crystal fiber (HC-PCF) as a means of increasing Raman scattering by co-
coupling light and liquid sample into the same cavity [45]. Photonic crystal fibers exhibit
a periodic array of air holes around a central defect which creates an incomplete bandgap
capable of guiding light within the core. These fibers exhibit extremely low losses (<0.03
dB/m for HC1550 from Thorlabs), which means that the length L in equation ( 20 ) is
effectively equal to the fiber length. Furthermore, A, is constant over the length of fiber
and is simply equal to the core area. Thus it is now possible to increase the figure of merit

proportional to the length of an HC-PCF.

For HC-PCF Raman enhancement, the fiber can be filled with the desired analyte
either by selectively filling only the core, or by non-selectively filling the core and photonic

crystal. In the latter case, filling the crystal with a material of higher refractive index results
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in a blue-shift of the bandgap, thereby allowing the fiber to guide shorter wavelengths

[46]. The new peak wavelength in the band gap is given by

2
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where n; and n, are the refractive indices of the holey region and cladding respectively,
with ny, being the design index with guided wavelength 4,. For example, the HC-PCF
used in this thesis normally guides 1550 nm when filled with air and has a cladding made
of silica (n. = 1.45). When the fiber is filled with water (n, = 1.34), then from equation (
23 ) the new guiding wavelength is ~818 nm. The band gap is quite broad, and spans the
full fingerprint range of Raman scattered frequencies when excited at 785 nm. The
primary advantage of non-specific filling is ease of implementation. The HC-PCF can
simply be cleaved to the desired size and inserted into the filling mechanism. However, it
is necessary to consider that the photonic crystal is very fragile and can be damaged by
solid material flowing through it. Furthermore, the capillary pressure in the crystal lattice
is very high due to their small diameter, meaning that any air bubbles trapped inside are
extremely difficult to remove. These will disrupt the photonic bandgap and possibly

eliminate any guiding.

Alternatively, it is also possible to selectively fill the core, thereby improving the
robustness of the fiber at the cost of additional complexity. Waveguiding is now a result
of total internal reflection rather than a photonic bandgap due to the low effective index of
the crystal. There are several methods of selectively filling the core, including the use of
adhesives, back-pressure, or collapsing the crystal at the cleaved ends of the fiber [47—
49]. This last method was recently developed by Yan et al and is probably the most
practical of these approaches [50]. In this process, a section of the photonic crystal is
collapsed using the plasma from a conventional fiber splicing machine. Then the fiber is
cleaved in the tapered region where the air holes of the crystal are collapsed while the
central defect is still open. This cleaving stage involves the use of a cleaver with a high
guality blade and integrated imaging optics so that the fiber can be cut at the correct
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position. In this thesis, all experiments have employed the non-selective filling approach
for the sake of ease of implementation. In Chapter 4, the possibility of fiber modification
to improve the performance of the system is discussed, including selective filling of the

core.

2.5.3 Other Enhancement Methods

There are several other methods to enhance Raman scattering that are not employed
in this thesis, but some popular methods will be mentioned here for completeness. These
include resonant and non-linear enhancement to Raman scattering, and controlling the

chemical enhancement component of SERS using electrodes.

2.5.3.1 Resonant Raman scattering

Another method to enhance Raman scattering is resonant Raman spectroscopy,
wherein scattering is excited by a wavelength whose energy lies near an electronic
transition in the molecule of interest. Consider equation ( 7 ), the denominator of which
contains the term w, — w,;, implying that the Raman scattered rate will be very high if
Wy = We;. This is only the case if the transition from |i) to |e) is an allowed electronic
transition [3]. This may cause both resonant Raman scattering and fluorescence to occur
simultaneously, albeit at different time scales and frequencies. Due to the fact that real
electronic transitions are required, resonant Raman is conventionally only used when
assaying chromophores. For example, this approach has been used to assay hemoglobin
in red blood cells because the heme molecules in this protein strongly absorb green light
[51].

2.5.3.2E lectrochemical SERS

One can also take a substrate-supported SERS platform, and integrate it into an
electrochemical cell resulting in electrochemical SERS (EC-SERS). Using this electrode,
one can cause additional chemical SERS enhancement, cause EC-SERS measurable
redox reactions, and attract or repel molecules of a certain charge from the surface.
Furthermore, SERS substrates can be grown via electrodeposition of a variety of metals
allowing for the in situ fabrication of SERS active sites. Therefore, these systems gain

many of the benefits of both electrochemical and SERS sensors. There are several
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examples of this approach in the literature such as the work by Karaballi et al. who
developed an EC-SERS system to detect DNA hybridization events, and they applied this
to the diagnosis of tuberculosis (TB) since this disease is associated with a DNA fragment
biomarker that is expelled in the urine [52]. The substrate used was a screen-printed
carbon electrode functionalized with gold nanoparticles onto which target complimentary
DNA was bound. The key to this sensor is the fact that the TB DNA contains adenine
residues, whereas the capture probe on the electrode does not. Due to electrochemical
effects, the SERS signal of adenine is amplified when the surface voltage is set to -0.8 V.
This is an example of EC-SERS being used to modulate the electrochemical SERS

enhancement effects.

2.5.3.3 Non-linear Raman

There are also non-linear optical approaches that can be used to enhance
Raman scattering such as stimulated Raman scattering (SRS), or coherent anti-Stokes
Raman (CARS). These effects arise from the coherent excitation of a vibration when two
excitation wavelengths, w; and w,, are incident on a sample whose frequencies differ by
the vibrational frequency of a certain bond mode (w,). The mathematical descriptions of
these processes are intuitively derived in Dr. Robert Boyd’s book on non-linear optics, an
extremely brief summary of which is presented here [53]. For SRS, the non-linear

susceptibility of the Stokes scattering polarization (yz) is given by

go(N/6m)(0a/aq)lo
(‘)5 - (wl - ws)z + Zj(wl - (‘)s)r’

XR (wll Wg, wv) =

which is purely imaginary and negative when w, = w; — w,, thereby exhibiting optical
gain. There is another component of the total non-linear polarization that results from a
four wave mixing process at the anti-Stokes frequency for the vibration of interest (w,;)
which we define as y® (wgs = 2w; — ws) = yr(wgs). This is the resonant part of the CARS

susceptibility given by

go(N/3m)(0a/aqy)lo
wl% - ((‘)l - a)s)z + Zj(wl - (‘)s)r’

XF (was) =
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which clearly has the same resonance condition as SRS. However, under most conditions
SRS will dominate over CARS because the former is automatically phase matched
whereas we require the wave-vectors in CARS to satisfy k., — (2k; — kg) = 0. Under
perfect phase matching, there is coupling between the Stokes and anti-Stokes modes
resulting in small SRS and large CARS. As this brief introduction shows, both SRS and
CARS non-linearly enhance Raman scattering from a single vibrational mode. This

means that a tunable source for w; or wy Is required in order to generate a full spectrum.

30



Chapter 3 Raman Chemometrics with

Support Vectors Machines

3.1 Introduction

Raman spectra represent unique molecular fingerprints, thus they can be effectively
utilized in two very important tasks; discrimination between different chemical samples,
and quantification of target molecules. In order to successfully perform either, a robust
data analysis method is required. Biomedical Raman data have additional complexity due
to non-linearities in biological spectra. These may arise from autofluorescence [54], or
variation of scattering and absorption coefficients in tissue and cellular samples [55]. To
overcome these challenges, several multivariate analysis (MVA) techniques have been
applied to classify or quantify samples based on their Raman spectrum. Multivariate tools
are required because spectral data has a large number of variables, or dimensions,
associated with them. This will cause an ordinary least squares solution to fail, or produce
an over-fitted model. One common technique, projection to latent structures or partial
least-squares (PLS), is commonly applied to Raman data. This technique reduces the
dimensionality of the input data by projecting them onto axes, known as latent structures,
which describe the highest degree of covariance between the input and output data [56].
It has been demonstrated that PLS produces excellent regression and discriminant
models [57]. For example, Bratchenko et al demonstrated that Raman spectra of skin

could be predictive of kidney failure using PLS discriminant analysis [58].

However, PLS may fail to produce a good model when a non-linear solution is
required. One method to solve for these functions is to first project the data into a higher
order feature space where conventional linear methods can then be applied. Take for
example an algorithm trying to solve for a circular discriminant surface. In this case there
is no line that can satisfactorily solve the problem. However, if the data were first to be
projected from two dimensions to three by applying a quadratic transformation, then the
solution in this new feature space is a linear plane. If this solution is then projected back

into the original data space, then it takes the form of a circle as expected. Instead of
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explicitly calculating these new feature vectors, one can apply the so called “kernel trick”,
to find a solution using only a function of the original data. One of the more popular
techniques to utilize kernel functions is the Support Vector Machine (SVM), developed by
Vladimir Vapnik [59]. This technique has already been applied in the analysis of
biomedical Raman spectra. For example, SVMs in conjunction with Raman spectroscopy
have been used to diagnose hepatitis B infections from blood plasma [60], genotype brain
tumors [61], and diagnose Alzheimer’s disease from cerebrospinal fluid [62]. However,
SVMs possess a number of “hyperparameters” that cannot be trivially selected in order
to find a good model. These parameters are often selected by a knowledgeable user, or
found in a brute-force full factorial method known as grid search [63]. There are a number
of numerical optimization techniques that may be applied in place of grid search, such as
genetic algorithms, or particle swarm optimization. This chapter outlines the deployment
of complex kernel functions with many hyperparameters, optimized by a genetic algorithm
(GA). This GA uses an analytical fitness function which can be computed quickly, and is
minimized when an SVM model is both accurate and robust. The resultant SVM models
are optimized much faster than grid search or GAs which use n-fold cross validation as a
fitness function. These non-linear models outperform conventional PLS analysis in
developing regression models for biomedical Raman spectra, and in Chapter 4 we will

show that SVMs outperform PLS in discrimination analysis as well.

This chapter begins with the theory behind SVMs and GAs in Section 3.2. Section
3.5 contains the validation of our GA-SVM algorithm on standard test data. In Section 3.6,
the GA-SVM will be applied to a non-linear regression problem involving Raman spectra.
These were made by adding polystyrene microspheres to different concentrations of
ethanol. Finally in Section 3.8, GA-SVM was compared to PLS using regression and
classification problems built from our lab’s database of biomedical Raman spectra.
Specifically, this included different concentrations of heparin [64], y-aminobutyric acid
(GABA), or glutamate in serum [65], and different cell densities of leukaemia cells [66].
To our knowledge, this was the first time that an analytical fitness function was used in
GA-SVM regression, and certainly the first time for biomedical Raman datasets. This
chapter will conclude with possible research directions to improve upon our machine

learning algorithms for Raman data processing.
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3.2 Regression, linear discriminants, and PLS

Before exploring a new approach to Raman chemometrics, it is valuable to first
understand the classical approaches. As discussed previously, the intensities of Raman
bands associated with a certain molecule are proportional to the number of molecules in
the excitation field, and different molecules possess unique sets of vibrational
frequencies. Thus the most obvious approach to quantification or differentiation using
Raman spectra is to select only the bands associated with the molecule of interest to
develop a model. Consider the ethanol spectrum shown in Figure 2 in the previous
chapter, the strongest Raman band is the C-C-O symmetric stretch resonance at 880 cm-
1, Using only this band intensity, it is possible to quantify dilutions of ethanol in water very
easily using a normal least squares regression approach. If the measured intensities are
concatenated into a vector x = [¥1 .. Xp ] with associated ethanol concentrations y =
[Y1 -+ Ya], then these are simply related by a linear model y = xw + b. One can also
include multiple Raman bands in the regression (for example 880, 1049, 1100, and 1446
cm for ethanol) by storing the intensities in a matrix X wherein each row contains a
different sample and the columns are the measured values for each. Thus if there are n
samples and m Raman shifts per sample, then X is an n x m matrix. The goal is to find a
slope vector w € R™ which minimizes the squared error of predicting the output y which

is given by

RO, 0 = ) O = xw)? (22)
i=1

Assuming that this is a well-conditioned convex optimization problem, the minimum is a

unique solution where the first derivative of the squared error with respect to each element
in w is zero (az’r‘t/awj = 0). The resultant normal equations can be written in matrix

notation as

XTXxw =XTy (23
w = (XTX)"1xTy. )
The final result is a matrix inversion problem to solve for w, which is well conditioned

when the number of samples exceeds the dimensionality of the data (n > m). However,
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if m > n then the problem is ill-conditioned and there may be zero or infinite possible
solutions. This is the issue encountered frequently when analysing complex Raman data
such as biomedical spectra, where the whole spectrum is often used. This is often the
case because it may be unknown in advance where the Raman bands of interest lie, or

in complex samples the bands of interest could span the entire spectral range.

PLS solves this problem of dimensionality by projecting data onto a new set of axes
in RP<™ where ordinary least squares can then be performed. The value p is usually
known as the number of PLS components. This new set of axes, known as “latent
structures”, are the directions in the original feature space which describe the highest
degree of covariance between the input and output matrices X and Y. If T (n X p), known
as the “X scores”, is X projected onto these latent variables then an ordinary least squares
regression in terms of T is simply

Y=TCT +F. (2‘;

Where C is the regression matrix and F are the residuals. To generate these scores,

mean centred X and Y are decomposed through

25
X=TPT+E ( )

26
Y =UQT +F. ( )

Where U are the Y scores, E are the X residuals, and P (m X p) and Q (k X p) are the X
and Y loadings respectively. In essence, the loading vectors are the projection matrix from
the mean centred data onto the latent structures such that XP =T and YQ = U. Each
individual loading t and u are found such that

- 27
[cov(t,ﬁ)]z = max{[cov(X7, Y5)*}r|=|s|=1, ( )

which is performed iteratively through a solving algorithm. MATLAB specifically uses the

SIMPLS algorithm by Sijmen de Jong [67]. The end result in terms of the original data is
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28
Y =XB+F,B=XTU(TTXXTU)'TTY. ( )

The matrix TTXXTU is a non-singular square matrix with dimension p X p, and thus it has
a unique inverse and the regression matrix § can always be found. It is possible to also
use PLS for discriminant analysis (PLS-DA) for g classes by encoding a class in Y as
yi=[%41 - Zg] such that z; =1 if y; is class j and zero otherwise. Dimensional

reduction in PLS-DA is closely related to Fisher linear discriminant analysis [57].

It is also worth noting, that ¢ and % are solved for in order of decreasing explained
covariance from the first to the p™. There are two important results from this. First is that
there is a certain value of p for which solving for any more latent structures would be
superfluous because effectively all of the covariance has been explained. Finding the
optimal number of components is usually done by iteratively increasing p and calculating
the error of the resultant PLS model. The error will initially decrease, reach a minimum,
and then increase, thus the number of components associated with the minimum is
selected as the optimum. The error begins increasing as higher orders of p begin to
describe noise in the data, which is detrimental to the PLS model. Secondly, by analysing
the loading vectors it is possible to estimate which variables contribute the most towards
the covariance between X and Y. Particularly the first loading, which described the highest
degree of covariance, can yield valuable information about the regression or discriminant
problem at hand. The magnitude of the loading at a certain Raman shift indicates its
importance in the PLS model.
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3.3 Theory of Support Vectors Machines and Genetic Algorithms
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Figure 6: A simple binary classification problem wherein one seeks a hyperplane that optimally
separates the two classes.

3.3.1 Classification by SVM

Consider a simple binary classification problem like the one shown in Figure 6. We
seek a decision boundary that separates class 1 (the triangles) from class 2 (the stars),
but this problem is poorly defined. It is evident that there are infinite possible lines that
separate these two classes. However, there exists an optimal solution wherein the
distance from the discriminant surface to the closest data points, the geometric margin,
is maximized. SVMs are based on finding this optimal solution, which is entirely described
by the points on the geometric margin, also known as support vectors [68]. Points distant
from the geometric margin are not needed, hence SVMs generate a sparse solution to
the discrimination problem. Empirical risk (R), is minimized in order to find the optimal
discriminant hyperplane. In our current example, let all data points be contained in a
matrix X = [x; x, ... x,]7 consisting of n samples x; € R%. For each point, a binary class

label y; € {—1,1} is then assigned. For example, let the triangular points have y; = 1 and

the stars y; = —1. In SVMs R is given by the hinge loss function

RF(,Y) = ) max{0,1 = yif (o, (29)
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where f(x;) is the SVM output for point x;. If the prediction is correct, then the hinge loss
will be zero because y; and f(x;) will have the same sign, thus causing 1 — y;f(x;) to be
negative. If the prediction is incorrect then y; and f(x;) will have opposite signs, and the
hinge loss will be some positive number. Let the possible linear solution to this problem

be of the form f(x;) = (x;,w) + b, where w is the hyperplane weight vector and b is its
offset. Additionally, add the norm of the hyperplane (% llw||?), to regularize the problem

which will allow for solutions to ill-conditioned problems [69]. This is necessary in most
Raman spectroscopy applications, because the dimensionality of the data usually far
exceeds the number of samples. A min-norm hyperplane decreases the complexity of the
solution to avoid overfitting and improve generalizability. The new minimization problem

is formulated as

n
1
ZIwll? + € )" max{0,1 = yi (G, w) + b)) (30

= )
wherein C, known as the “cost” or the “box constraint’, is the hyperparameter which
determines the trade-off between errors and a small norm hyperplane [59]. Analytically,
there is no way to find the minimum for this function, because the max[] operator is not

differentiable. To avoid this problem, some error is allowed for by introducing slackness

&; which is the error of prediction on point (x;, y;). The minimization problem is now

1 n
“IwlP+¢ ) &
i=1

(xpw)+b)=21-¢
§i=0 '

(31)

such that {yi
Allowing for some error results in a “soft-margin” classifier, which allows for convergence

in problems that are not perfectly separable. This optimization is easier to solve in the

dual form of its Lagrangian [68], thus we now seek to minimize
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n

1 n n
Ez z a;a;y;yi{x;, x;) — Z a;

i=1 j=1 i=1

0<a;<C (32)

n

such that
z a;y; =0,

i=1

where q; is the it" Lagrange multiplier. SVMs solve for these Lagrange multipliers instead

of w directly, which is related to the Lagrange multipliers by w = Y, a;y;x;.

The magnitude of a Lagrange multiplier a; can be thought of as the importance of x;
in determining the discriminant surface. Therefore, all support vectors which by necessity
contribute to the final solution will have «; > 0. For a certain support vector x; the
associated «; is high if the point is on or within the soft geometric margin, or is erroneously
classified. Thus, if the sum of the «;’s is small, then the discriminant has a minimum
number of poorly classified support vectors. Also note that C sets an upper limit on the

Lagrange multipliers, thereby allowing for some errors in order to improve robustness.

3.3.2 Multi-class models

To extend SVM classification from binary to multi-class cases there are two common
methods, “one versus one” (OVO) and “one versus all” (OVA). Both of these approaches
construct multi-classifiers out of a set of binary models. As the names imply OVO uses
binary classifiers covering all unigue combinations of classes, while OVA uses binary
classifiers that compares one class against all others at once. For example, consider a
classification problem used to differentiate between three different species of bacteria (as
in Chapter 4). For now, name these species A, B and C. In OVO there would be three
binary classifiers A vs. B, A vs. C, and B vs. C. Similarly, in OVA there are also three
binary classifiers A vs. B and C, B vs. A and C, and finally C vs. A and B. A new sample
is classified by applying each of these three models, and the final class is determined by

the output with the largest magnitude.
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3.3.3 Regression by SVM

Linear regression is very similar to the linear classifier case except that a different risk

function is used, namely Vapnik’s e-insensitive loss function [70], which is given by

RFC,y) = ) max(o,| (v — £(x) = el (33)

As the name suggests, errors smaller than ¢ are ignored by this function, allowing for
some slackness as per SVM classification. Define £ and £* as errors greater than € above

and below the regression line respectively. The SVR algorithm thus attempts to minimize

1 ‘ .
S IwlP? +c;<fi +50),

yi t{x,w)—b < e+¢; (34)

such that{{(xp;w) +b—y; < e+¢&
£ >0

where the cost C possesses the same function as before. Again, this constrained

optimization is easier to solve in the dual form Lagrangian which is given by [70]

1 n n n n
Ez Z(“i —a;) (aj - af)(xi,xj) + EZ(ai —aj) - Zyi(ai —a;p),
i=1j=1 i=1 i=1

i (35)
such that ;( ' )

0<a”<c

In the regression case, there are now two Lagrange multipliers, a; and «; for each support
vector x;. The weight vector for the linear regression hyperplane is constructed from a

linear combination of the support vectors as w = )i~ (a; — ;)x; and the final solution is
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f(x) = Z(ai — a;){x;,x) + b. (36)
i=1

Non-support vectors (ai(*) = 0) are those points which exist within the e-tube near the
regression line. Again we arrive at a sparse solution as these points can be removed.
Support vectors are those points whose regression error is greater than ¢, thus we arrive
at the same conclusion as in the classification case; fewer non-zero Lagrange multipliers

is related to an accurate solution because more points have an error less than .

3.3.4 Non-linear Solutions
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Figure 7: Example of projecting data into a higher order feature space where one can find a linear
solution.

In order to learn non-linear models using SVM, we may project the data into a new
feature space where the solution becomes linear and then solve the Lagrangian as
before. Let ¢(x;) be a mapping function from R¢ to R* such that k > d. Now x; can be
replaced with ¢(x;) in the optimization problems from the preceding sections to build a
linear model in a high dimensional feature space. This is then equivalent to a non-linear
solution in the original data space. An example of this process is shown in Figure 7, where
we clearly seek a circular discriminant surface to differentiate the two colors of dots. In
order to solve this problem with a linear solution, it is first projected into a quadratic feature
space. Now, the classes can be separated by a hyperplane which becomes a circle when
projected back into the original data space. Unfortunately, Raman data already consists
of hundreds of features, meaning that computing the new feature space would be

computationally expensive or even impossible. To avoid this problem, a method known
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as the “kernel trick” can be used. Both of the Lagrangians derived earlier rely on inner
products within x, which can be replaced with (x;, x;) = (¢(x;), ¢(x;)) after mapping. For
a certain feature space, inner products can be computed by a kernel function K(xi,xj) =
((],’)(xi),q,’)(xj)) which uses the original data as inputs. Thus, by using this kernel function
in place of the inner products in Equations ( 32 ) and ( 35 ), explicit computation of ¢(x;)
is avoided. There are many possible kernel functions that may be used to represent

different feature spaces. Three basic functions are employed throughout this thesis, the

polynomial kernel k,,;,, the radial basis function (RBF) kernel kggr, and the rational

quadratic kernel kgox. These are given by

p

Kpoty (%1, %7) = (v{xi, %;) + o) (37)
—26~2|lxi—x:||*

KRBF(xiﬂxj) =g 20 [ x]|| . (38)
(e — %)\

"RQK=02<1+W - (39)

In addition to the input data x, there are a number of hyperparameters required by each
kernel function. For k,,;, there is the scaling term y, the offset ¢,, and the polynomial
order p. For kgpr, Which represents a Gaussian feature space, the only parameter is the
variance o?. Finally, kzox represents an infinite sum of exponentiated quadratic kernels
with variance o2, length scale [, and scale variance a. Kernels may also be combined by
multiplication or addition, which may be interpreted as AND/OR logic respectively. When
the underlying patterns in the data are unknown, optimizing sums of kernels allows the
user to cover many possible non-linear interactions. For example, in this chapter we will
employ a combined kernel k.,mp; given as a linear combination of the polynomial and
RBF kernels

p —2672||x;—x;|?
Kcombi(xi'xj) = Al(y<xi;xj) + CO) +A26 20 ||xl x]” . (40)
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3.3.5 Hyperparameter Optimization

All SVMs have at least one hyperparameter, the box constraint C, in addition to all of
the parameters of the chosen kernel. In the absence of an expert user who is intimately
familiar with both the data and SVMs, and is therefore able to manually select appropriate
parameters, we must instead employ an optimization method. The most basic approach
is to perform a brute force, full-factorial, optimization by trying all possible combinations
of hyperparameters. This technique, known as grid-search, then compares each model
on the basis of the root mean squared error of prediction (RMSEP) for regression models

ZF:O(Yt,i - Yp,i)z

RMSEP = )
N

(41)

where y¢; and y,; are the true and predicted outputs for x; respectively and N is the

number of samples. For classification problems, models are compared on the basis of

accuracy

TP+TN
N )
where TP and TN are the true positive and true negative rate respectively. Furthermore,

Accuracy = (42)

when training any machine learning model, the total dataset must be divided into training
and validation subsets. As the name implies the validation set is used to estimate the final
performance of the model, and must therefore not be used in any of the preceding
optimization. To calculate accuracy or RMSEP using only the training set, n-fold cross
validation is used. In this technique, the training set is divided into n subsets (also known
as folds) and the model is trained on all but one, and the remaining fold is used to validate
the model. The final performance estimate is then given as the average error/accuracy
after each of the n-folds has been excluded from training. As a result of this, the grid
search algorithm must solve the SVM optimization problem nN™ times, wherein N is the
number of hyperparameters and m is the number of values tested per parameter. For
smaller kernels such as the RBF function, which only has two hyperparameters, this may
not be overly computationally expensive. However, if we consider 10-fold cross validation
for k.omp; Which has seven hyperparameters, the optimization time explodes for higher

values of m, and this quickly becomes unreasonable. Using a very coarse grid (low values
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of m) to save time, may result in missing the optimum point. As a result, using complex
kernels with grid search is undesirable and should be replaced with a less intensive

search algorithm.

3.3.6 Genetic Algorithm and Fitness Functions

Instead of using grid search to optimize hyperparameters, this thesis employs a
classical genetic algorithm which is modelled off a simplified version of natural selection.
In this technique, hyperparameters are coded in a “‘genome” which in this case is a
concatenated string of binary values for each parameter. An initial “population” of possible
models is generated using randomly generated sets of hyperparameters, and these are
compared on the basis of some fitness function. Population members with better fithess
are able to “reproduce” with one another wherein the genome of two parents is split and
then crossed to make two new children. There is also the possibility for random
“‘mutations” to occur, where a binary digit is inverted. This allows populations to explore
the entire solution space, and avoid falling into local optima. As population members with
poor fitness are removed, the overall fithess of the population increases, thus converging

to some optimum.

The fitness function represents the desired output of the optimization. In the case of
finding good SVM models, this is high prediction accuracy. One possible fitness function
is to use the n-fold cross validation output as described in the previous section. However,
this can still be computationally expensive since the Lagrangian must be solved n times
per population member. Instead, Runarsson and Sigurdsson have proposed one fitness
function for a genetic SVM classifier, which takes advantage of the rigorous mathematical
basis for these learning machines (in contrast to models without an analytical basis such

as neural networks) [71]. This fitness function is given by given by

n
fitnessclassification = (RZ + 1/C) Z a; . ( 43 )
i=1

This function is low when the classification model is both robust and accurate, thus the

resultant genetic algorithm attempts to find a model associated with a minimum fitness
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[71]. The rationalization for this function comes from the underlying theory discussed in
Section 3.3.1. The sum of multipliers is large when there are many support vectors (over
fitting), and when the support vectors are erroneously classified. Therefore, this term in
the fitness function represents both the robustness and accuracy of the SVM. The R?
term is the radius of the hypersphere containing all of the data points about the origin in
the high dimensional feature space and can be approximated by

R = g&%[K(xi,xi)], (44)

where K (x;, x;) is a matrix whose values are the kernel products x(x;, x;) = (¢ (x:), ¢(x;))
[71]. For a robust solution, the sub-space containing all of the features of the data should
be small, lest the machine over-fit the data by using large subspaces of the features.
Finally, the 1/C term is included to penalize small box constrains. Recall that no «; can
be greater than C, thus Y[, @; may be artificially minimized with a small C simply by
restricting the size of the ;’s. To extend the use of this fithess function to SVM regression,

we can apply the same logic and simply add the other Lagrange multiplier «; resulting in
n
fitnessregression = (RZ + 1/C) Z(ai + a;) (45)
i=1

3.4 Algorithm implementation

All code written for this thesis was implemented in MATLAB, and any PLS analysis of
Raman spectra was performed using built-in functionality. For model generation all
datasets were split randomly into a training set (40%) and a validation set (60%). Error
bars relating to the output of SVM models are generated using 10 random divisions of

training/validation sets in order to account for model variance.

3.4.1 Raman spectral pre-processing

Spectral preprocessing commonly consists of two main steps; normalization and
background subtraction. Normalization simply consists of dividing each spectrum by its
maximum intensity in order to have data scaled between zero and one. The background

subtraction method used in this thesis is the algorithm described by Kandjani et al [54].

44



In short, this algorithm uses a wavelet method to approximate the second derivative of
the Raman spectrum. The zero-crossings of the resultant function relate to the edges of
a Raman speak. All regions of the spectrum containing peaks are removed, and a
polynomial function is fit to the remaining data. This function is then subtracted from the

original data to remove the background.

3.4.2 SVM optimization solver

The SVM optimization problems were solved using the sequential minimal
optimization (SMO) algorithm proposed by John Platt [72]. The classification problems
were solved as per Platt’s original work, and the regression problems were solved using
the reformulation of SMO by Smola and Scholkopf [70].

3.4.3 Genetic Algorithm

The classical genetic algorithm employed in this thesis proceeded as follows:

1. An initial population of size N, was generated, wherein each member has a

random set of hyperparameter values. Hyperparameters were multiplied by 104
before being converted into binary in order to maintain four decimal points of
accuracy.

2. Tournament selection was used to find a mating pair. In this process, two subsets
of size N, are selected without replacement, and the fittest member of each subset
are chosen as mates.

3. The genome of each of the tournament winners are split at a random crossover
point. This is analogous to the formation of haploid reproductive cells. Possible
crossover points were restricted in order to keep the original “genes”
(hyperparameter values) intact.

4. The genomes are then split at the crossover point and halves are swapped to
generate two new complete genomes for offspring.

5. Mutation occurs in these new genomes at rate r,, € [0,1], which is the probability
of a binary value being inverted.

6. Steps 1-5 are repeated until a generation of offspring of size N, is created.
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7. The parent and offspring populations are then combined, and sorted in order of
fithess. The half with the best fithess proceed to the next iteration, and the other
half is removed.

8. The algorithm halts once the best fithess in the population is four magnitudes lower

than the best fitness in the original random population.

There are a number of tuning parameters shown in the algorithm above, namely N,,
N, and r;,. Default values for each were used in most experiments. N, was set to either

50 or 100, N; was set to 10, and r,, was set to 0.01 or 0.05 depending on the dataset.
The choice of tuning parameter resulted from early trial and error without rigorous

optimization, the exception being the experiment shown in Section 3.7.

3.5 Early validation of GA-SVM on standard data sets

In order to validate the functionality of the SVM and SVR-GA algorithms, they were
first applied to standard data before embarking on studies with Raman spectra. Two sets
were applied to this end. The first was a spiral classification problem, wherein the goal is
to differentiate between three arms of concentric spirals. The second was the 3D non-
linear regression problems developed by Hwang et al [73]. Specifically, the “harmonic

function” and the “complicated interaction function” from this paper were used. These are

given by
harmonic(X1,X2) = 42.659 (2;9;1 + Re(x1 + jx, — 0.5(1 —]))), and (46)
Ginteraction(®1, X2) = 1.9(1.35 + e*1 sin(13(x; — 0.6)?) e*2 sin(7x,)) (47)

respectively. The surface plot of each of these functions is also shown in Figure 8C and
D. Experiments with these regression problems were performed as per the original work,
wherein models were generated using 225 random data points and validated using
10,000 evenly spaced points. The training data was generated with or with noise, yielding

an SNR of 4 in the noisy case.
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Figure 8: Standard test sets for machine learning. (A) Spiral classification problem, points
represent spiral arms to be discriminated, shaded regions are GA-SVM learned spirals. (B)
Example of noisy data used to train GA-SVR. (C) gnarmonic @ctual surface and (E) the GA-SVR
learned surface. (D) Ginteraction @ctual surface and (F) the GA-SVR learned surface.

Table 2: FVU results for different test functions and kernels

Kpoly KRrBF Kcombi
Iharmonic: SNR = 00 1.0752 0.0959 0.0886
Ginteraction SNR = © 0.7914 0.0659 0.0470
Iharmonicc SNR = 4 0.9932 0.2167 0.1526
interaction SNR = 4 0.7399 0.2913 0.1524
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It is evident that simple linear methods can neither solve the spiral classification
problem, nor either of Hwang'’s functions. Thus SVM-GA was applied using three different
kernels; the polynomial, RBF, or combined functions (see equations ( 37 ) (38 ) and ( 39
)). The results of these standard tests are shown in Figure 8A, E, and F. Qualitatively, we
can see that the SVM-GA produces expected results for each of these problems. The
decisions surfaces for the spiral problem (shaded regions) clearly differentiate the spiral
arms, and the surfaces generated for the Hwang regression problems appear similar to
the true functions. For the spiral classification GA-SVM achieves an accuracy of 100%
for this problem. Quantitative results are shown in Table 2 for the regression problems
wherein the kernels are compared on the basis of their fraction of variance unexplained

(FVU). This metric is given by

_E(g0) —g()”
Z(9Ge) = g())°

The first notable result is that in all cases, FVU decreases as the kernel complexity

FVU (48)

increases, illustrating that the combined kernel seems to perform better than its
constituents in all cases. In the case of kzgr and k.,mpi, the performance decreases in
the presence of noise as one would expect. Unexpectedly however, the performance of
Kpory SEEMS to improve slightly upon the addition of noise. This may be a result of the
optimization algorithm overfitting the noiseless case, thus reducing the accuracy when
new data is introduced. For reference, projection pursuit learning machines tested by
Hwang et al yielded the lowest FVU values of 0.01045 and 0.04273 for NOISY Gharmonic
and Ginteraction Y€SPectively. These values are certainly lower than those achieved by
SVR-GA, but the performance is comparable to these neural networks. It is possible that
allowing for additional kernels to be evolved by the genetic algorithm may improve this
result. Particularly, using a periodic kernel to learn gpurmonic Would likely improve the
result. However, this would involve prior knowledge about the structure of the data, and

it is more common to apply general purpose kernels.
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3.6 Validation of GA-SVM on controlled non-linear samples
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Figure 9: Non-linear regression using Raman spectra of polystyrene doped ethanol. (A) Raman
spectra of 50% v/v ethanol with 0, 20, and 40 pL of added polystyrene microspheres. (B)
Optimization of kernel type (polynomial, RBF, or combined) and pre-processing methodology
(normalization and/or background subtraction) by comparing the RMSEP for different
approaches. (C) GA-SVR compared to PLSR on the basis of RMSEP of the concentration of
ethanol for 10 random training/validation sets. (D) Box plot comparing GA-SVR and PLSR.

The first real data used to validate the performance of the GA-SVR algorithm was
the Raman spectra of different concentration of ethanol (EtOH) to which fluorescent
polystyrene microspheres were added. Without microspheres, the Raman scattered
intensity is linearly proportional to the concentration of ethanol. When the polystyrene is
added, the scattering coefficient is increased thus causing losses of both excitation and
Raman intensity. This is illustrated in Figure 9A where the spectrum of 50% EtOH is
shown with 0, 20, and 40 pL of polystyrene solution added. The result is that the intensity
of the spectrum no longer correlates to the concentration of ethanol in a straight forward

linear way. A similar situation arises in biomedical Raman spectroscopy, when differences
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in scattering between tissues or cell suspensions causes artifacts in the Raman band

intensity that aren’t necessarily related to the quantity of certain molecules.

To develop a regression, 0%, 10%, 20%, 35%, and 50% v/v solutions of EtOH in
DIW were used. At each concentration, Raman spectra were acquired with 0, 20 or 40 pL
of micro-particle suspension, thus yielding polystyrene concentrations of 9.1 x 108 and
1.8 x 10° particles/mL respectively. First, these data were used to optimize the kernel
type, and preprocessing algorithm for GA-SVR. It was found that the polynomial kernel
yielded an average error of 8.9% v/v which was reduced to 3.4% for the RBF kernel, and
further reduced to 1.7% for the combined kernel as shown in Figure 9B. These results,
taken with the tests on the Hwang datasets, illustrate how using more complex kernel
functions can yield superior results. Furthermore, we have found that removal of the

spectral background is also critical in improving performance.

Comparing GA-SVR using the combined kernel and PLSR, is it evident that GA-SVR
produces a significantly better regression model. Figure 9C shows that the RMSEP of
GA-SVR is about a quarter of that afforded by PLSR (p < 107°). It also appears that GA-
SVR is more sensitive to the training data based on the larger error bars in Figure 9C.
The random population, tournaments, and mutations involved in the GA algorithm are
likely responsible for this. As shown in the box plots in Figure 9D, both regression
algorithms are quite accurate with the mean and median error close to zero in both cases,
but GA-SVR exhibits significantly better precision. The inner fences of the plot extend
about +1% and £10% v/v of EtOH from the median for GA-SVR and PLSR respectively.
This suggests that GA-SVR develops more robust models for non-linear problems,

capable of correctly identifying new data.
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3.7 Comparing grid search to GA for hyperparameter optimization
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Figure 10: Analysis of the optimization of the SVM hyperparameters with a GA or grid search. (A)
Time required and RMSEP as a function of training set and population size for the GA. Lines
represent a linear and exponential best fit to the time required and the error respectively. (B) Time
required for GA at the optimal population size against the time required for the grid search with
two steps per hyperparameter.

It is valuable to understand the time/data requirements for the genetic algorithm to
produce a good SVM model. Using the same ethanol/microsphere Raman data and

Kcompi» the size of the training set was varied from 2 to 200 samples.

Figure 10A shows that the error falls rapidly as the size of the training set is increased
from 2 to 50, and saturates to a minimum beyond this point. This suggests that the
combined effect of regularization, and the terms in the fitness function that reward
robustness, are very effective at avoiding overfitting. Using this minimum training size of

50, the population size for the genetic algorithm was varied from 2 to 140 models.

Figure 10A shows that the optimization time increases roughly linearly (R?= 0.9) as a
function of N,. Larger populations allow for the algorithm to better search the solution
space to locate the optimum. This is similar to increasing the grid granularity m as
discussed in Section 3.3.5, for which computation time increases exponentially. For

comparison, GA optimization with N, =50 requires approximately 90 minutes to
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complete. Using a grid search optimization with n = 10 and m = 2 requires 140 minutes
for these same data. It is therefore evident that grid search optimization requires much
more time than the GA approach proposed here, even with an extremely coarse grid size.
If one considers the number of times each algorithm must solve the SVM optimization this
does not come at much of a surprise. As noted earlier, grid search must run the SMO
algorithm nN™ times, or 490 times in the present example. Whereas the genetic algorithm
only solves the SMO N,N, times, where N, is the number of generations required to find
an optimum. The value of N, varies run-to-run due to the randomness of the algorithms,
but is usually between 5-10. Thus in the present example GA solves the SMO only ~400
times on average, with much superior search capabilities than grid search with m = 2. It
should be noted that regression model generation with PLS is significantly faster than
SVM with either optimization method. This is the cost of the additional precision afforded
by GA-SVR over PLS. However, both of these algorithms take very little time to process
new samples. So once the models have been generated, computation time begins to

become less of a factor.
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3.8 Validation of GA-SVM using biomedical Raman data

Figure 11: Summary of results comparing GA-SVR to PLSR for biomedical Raman regression
problems. (A) Example spectrum of heparin in serum. (B) The RMSEP for predicting the
concentration of heparin. (C) Box plot showing the distribution of errors for the predictions of
heparin in serum. (D) Example spectrum of GABA and glutamate in serum. (E) The RMSEP for
predicting the concentrations of mixtures of GABA and glutamate. (F) Box plot showing the
distribution of errors for the GABA and glutamate predictions. (G) Example spectrum for an
agueous suspension of leukaemia cells. (H) The RMSEP for predicting cell density of leukaemia
cells. (I) Box plot showing the distribution of errors for predicting the cell density of leukaemia
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Next, the GA-SVR algorithm with «.,,,,; was applied to regression problems with
biomedical Raman spectra representing several sensing applications. The anti-coagulant
heparin is frequently used as a blood thinner after surgery to prevent clots, and careful
monitoring is required to avoid side effects[74]. GABA and glutamate are two major
neurotransmitters in the brain, and measuring their relative concentrations can yield
diagnostic information for a number of neurological disorders including Alzheimer’s and
Parkinson’s diseases[75,76]. Leukaemia is the neoplastic production of pre-leukocytes,
resulting in disease due to the reduced population of other blood cells[77]. Each of these
datasets have different Raman spectra related to their analyte of interest as shown in
Figure 11A, D, G. Please refer to the original publications for the vibrational assignments

of the labelled Raman bands.

Figure 11 shows the results comparing regression performance between GA-SVR and
PLSR. Similar results to those in Section 3.6 were found; GA-SVR increases precision
and reduced error in all test cases. The largest relative improvement was observed in the
guantification of leukaemia cells as shown in Figure 11H and I. The error was decreased
from 500 cells/mL to 150 cells/mL (p < 10°), and the inner fences of the box plot were
reduced from ~500 cells/mL to 100 cells/mL. There is actually some similarity between
the quantification of cells and the ethanol/microsphere regression problem. In both
situations, the variation in scattering coefficient causes attenuation of the Raman
spectrum that may not be correlated to the analyte concentration. Cells exhibit strong Mie
scattering of infrared light because cells, cell nuclei, and the organelles within, are similar
in size to the incident wavelengths[78]. Additionally, vesicles produced by the cells may
also contribute to scattering, and the number of vesicles does not necessarily reflect the
cell concentration. Thus, the Raman bands associated with the cells would increase in a
non-linear fashion, hence the significant improvement afforded by GA-SVR compared to
PLSR.

3.9 Conclusions

In summation, it was observed in all four regression problems that GA-SVMs
outperform PLS when using Raman spectra to quantify chemical species. This difference

is particularly pronounced for regression tasks in which there is inter-sample variance of
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the scattering index. This was shown both in a mock solution containing ethanol and
polystyrene microspheres, as well as in real biomedical samples wherein leukaemia cells
were quantified using Raman spectroscopy. We have further shown that the use of more
complex kernels, which may be constructed from other simpler kernels, can yield better
models than the standard approach of only using the RBF kernel. In order to optimize the
larger number of hyperparameters necessitated by using more complex kernels, a
classical genetic algorithm was applied. It was found that the GA is capable of finding
optimal solutions much faster than the grid search algorithm.

The case of discrimination between biochemical distinct samples with Raman
spectroscopy and GA-SVM shall be explored more in the next chapter, wherein bacteria

are identified using a novel SERS flow-cytometry system.
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Chapter 4 SERS Flow Cytometry for Infection

Detection

41 Introduction

Healthcare associated infections (HAI), in contrast to community acquired infections,
are bacterial, viral, or fungal diseases originating from a healthcare setting [79]. The risk
of infection is increased in these settings due to the many necessarily invasive procedures
that are performed. For example, implanted medical devices such as indwelling catheters,
breast implants, or orthopaedic devices have improved patient care, but may introduce
pathogens into deep body cavities where they otherwise would struggle to reach. This
class of infection is broadly known as implant-associated infection (IAl), and has incident
rates up to 40% in immunocompromised patients[80,81]. Different types of IAl primarily
differ in their route of entry, and thus the samples used to diagnose them. Of particular
interest to this thesis are infections related to orthopaedic joint replacements. These occur
at a rate of approximately 2% after surgery, and this rate increases substantially for
immunocompromised patients or those with cancer. While relatively rare, this figure
represents a large number of people, as over 130,000 joint replacements are performed
in Canada every year. Treating a single case of prosthetic joint IAl (PJI) incurs an
estimated $10,000 in healthcare costs based on unpublished data from The Ottawa
Hospital. Further complicating this issue, the increased use in of antibiotics has led to

increased prevalence of antibiotic resistant pathogens [82].

Early diagnosis and screening of infections is important for making informed treatment
decisions [83]. The gold standard diagnostic method at this time is to culture bacteria
acquired from the infection site. For PJI, samples are usually collected from synovial fluid
or as tissue biopsies. The process of culturing bacteria can be quite time consuming,
exceed up to five days in some circumstances [84]. This is complicated by the fact that
some bacteria may not grow using standard culture protocols, resulting in culture-
negative infection [85]. These and other challenges lead the sensitivity of this approach

to be as low as 55% [84,86]. After a positive culture, pathogens are identified by
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microscopy, antibiotic profiles, antibody/antigen assays, or a variety of related tests. The
resultant delay in diagnosis leads to the use of broad-spectrum antibiotics which in turn,
may lead to the development of antibiotic resistant infections [87]. If PJI is not promptly
and effectively treated, then the implanted device is often lost and the infection may lead
to further morbidity or mortality. Therefore, there is a pressing need to improve infection

diagnosis by reducing the turnaround time and increasing sensitivity.

Some new technological approaches to bacterial screening, including gPCR and
biosensors, are increasingly gaining attention as faster and more precise alternative tools.
Rather than detecting the bacteria itself, gPCR based techniques indirectly quantify the
microbe by using their nucleic acid, necessitating additional components such as primers,
probes, and DNA extraction solutions [88]. In PCR, samples are treated with a series of
buffer solutions used to isolate DNA. This DNA is then added to a mixture containing free
nucleobases, DNA polymerase, as well as primer sequences. These primers are
engineered to be complimentary to genes of interest within a sample. During the PCR
process, if the target sequence is present in the sample, it will be amplified by repeated
polymerase replication. As a result, only a small amount of DNA is needed in the original
sample in order to successfully amplify it by PCR. The DNA can then be quantified by UV
absorption. The fact that such a small amount of initial DNA can be amplified by PCR
means that these assays can suffer from a high false positive rate in some cases due to
contamination. One example of a PCR assay for infection diagnosis is the mecC assay
which is used to detect methicillin-resistant S. aureus (MRSA) [89]. MRSA is one of the
most prevalent and problematic infectious bacteria, as it is resistant to the entire $-lactam
family of antibiotics. Differentiating MRSA strains from susceptible forms of S. aureus

(MSSA) is therefore very important.

Others have reported the use of biosensing techniques such as surface plasmon
resonance (SPR) [90-93], and electrical impedance spectroscopy (EIS) [94-96]. These
techniques are both affinity assays which measure the subtle changes at the surface of
a material when a target binds to it. In SPR, binding of the analyte to the surface
modulates the local refractive index, thus changing the momentum matching condition for

a surface plasmon mode. The plasmonic substrate could be something as simple as a
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metal film, or more advanced structures such as gold nano-hole arrays. In any case the
sensing principal is essentially the same, but more complex structures are used to
enhance sensitivity. For example, Sarcina et al developed a SPR sensor for the
agricultural pathogen X. fastidiosa by linking antibodies to a gold film using NHS/EDC
chemistry on mercapto-R-anoic acid linkers [97]. EIS detects small changes in complex
surface impedance when an analyte binds to the surface of an electrode. A frequency
swept voltage signal is applied to the electrode, and the Nyquist plot illustrating the
relationship between the real and imaginary parts of the electrical impedance is
generated. From here, one can correlate aspects of this impedance (magnitude, resistive
part, etc.) to the quantity of analyte bound to the surface. As an example, Mondal et al
designed a disposable impedimetric sensor for bacteria based on glutaraldehyde
functionalized filter paper with silver paste electrodes [98]. One notable drawback of both
PCR and biosensing methods is the need for specific recognition elements for each target

of interest. This makes multiplexed sensors much more complex and expensive.

There have been many SERS based approaches reported for bacterial detection
as well. As discussed in Chapter 2, SERS assays can employ intrinsic or extrinsic
approaches, which require biorecognition elements in the former. Previously reported
extrinsic SERS devices for bacteria include bimetallic nanoparticles with aptamers and
Raman reporter molecules for multiplexed bacteria detection [99], and aptamer coated
gold and magnetic nanoparticles for S. aureus and S. typhimurium detection [100].
Examples of the intrinsic approach include a microfluidic system which mixes bacteria
and silver nanoparticles for SERS detection [101], and SERS with vancomycin coated
silver-gold nanoparticles for detection of bacteria in blood [102]. In many cases it may be
necessary to concentrate or isolate bacteria from bulk fluids before SERS measurement.
This is because in dilute solutions there is a high probability of no cells being present in
the beam waist of the excitation laser. For example, the microfluidic dielectrophoresis
enrichment system developed by Wang et al was able concentrate bacteria to the point
that very dilute concentrations could be measured by SERS [103]. As another case study,
Villa et al developed a simple method of bacterial isolation by performing SERS on a

paper filter [104].

58



Rather than relying on the magnitude of the Raman spectrum to quantify bacteria,
it may be better to count the number of cells that pass through some detection point. This
is very similar to flow cytometry, wherein fluorescently labelled cells flow in single file
through laser focal points, generating a cell count and fluorescence profile. Raman
spectra can be acquired instead of fluorescence to facilitate new applications. For
example, dye and antibody conjugated nanoparticles have been used to detect cancer
cells in a SERS flow cytometer [105], and a microfluidic trap built over plasmonic nano-
dimers could acquire SERS spectra of single cells flowing in blood plasma [106]. Counting
of bacteria using antibody and aptamer labelled SERS has also been explored recently

with promising results [107].

As discussed in Chapter 2 Section 2.5.2, our group has previously developed a
system for acquiring Raman spectra from a hollow-core photonic crystal fiber (HC-PCF)
[108], thereby increasing the FOM by having an effective focal length equal to the fiber
length. This system is perfectly suited to an optofluidic device such as a flow cytometer,
wherein light and fluid co-propagate within the same system. Yang et al. have previously
utilized a HC-PCF enhanced SERS system to detect bacteria by capillary filling of the
fiber and subsequent acquisition of spectra [109]. However, we have previously found
that filling by capillary action decreases the robustness of a fiber enhanced Raman
system because the filling can be inconsistent, and one then needs to throw away an
expensive fiber after the measurement is complete [45]. Our former colleague Altaf
Khetani developed a system to reuse these HC-PCFs by repeatedly filling and purging
the fiber in an H-shaped flow cell [45]. The resultant design from their work consisted of
an HC-PCF bridging two T-junctions into which windows had been cut in order to couple
light in and out of the fiber. The flow cell was connected to four reservoirs on each of the
other junction nodes. Two were simply waste containers into which spent fluid flowed.
The other two reservoirs contained either a sample, or a flushing fluid to clean the fiber.
While this system was an integral piece of the development of the optofluidic HC-PCF
platform, it was not without issues. Firstly, this system contained a significant amount of
dead volume. This is not a significant issue when the sample is plentiful, and there is
sufficient fluid to fill both dead and active volume. However, when using samples with less

volume, such as those taken from small body cavities like synovial capsules or ovaries,
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this may become a problem. Aside from the bulk, there was also issues that arose from
the fact that this device was built using components that were not designed for this
application. Originally, the system was constructed using high-performance liquid
chromatography (HPLC) components made out of polyether ether ketone (PEEK). These
components are perfect for the fluidic aspect of the device, as they are biocompatible and
can withstand high pressures, they are however less suited to the integration of optical
waveguides. The T-junctions were actually made from X-junctions where one of the ports
is cut off to make an opening for the optical window. A coverslip is then glued via epoxy
to this opening to allow light inside. This process had a lot of room for error, leaks would
frequently spring from around the coverslip, and the opacity of PEEK resulted in some
practical issues. Since the operator could not see inside the device, they had to couple
the fiber without knowing its location, as it was not in the exact same position in the
channel every time. Additionally, there was no way to tell if there were bubbles trapped in
the system preventing fiber coupling by scattering the laser. All of these issues were
addressed by the implementation of a microfluidic flow cell. The micron scale channels in
the device reduced the dead volume of the system, while the transparency of the
microfluidic material polydimethyl siloxane (PDMS), allowed for easier operation in
practice. Furthermore, the flexibility of microfluidic design allows for the implementation
of more complex fluidic components that may improve system performance, some of

which are discussed in this chapter.

In this chapter, we combine single cell bacterial counting with SERS in an HC-PCF
to create a fiber enhanced SERS flow cytometer. Simple silver nanoparticles were used
as a SERS substrate in these experiments, and this approach employed intrinsic SERS
in order to take advantage of the inherent multiplexing afforded by detecting biochemical
differences between cells. This discrimination process was supported by the GA-SVM
algorithm developed in Chapter 3. In Section 4.2 and 4.3, the materials and methods are
provided so that these experiments may be repeated in the future. These experiments
begin with preliminary tests on the silver nanoparticles and microfluidics that supported
the subsequent work with bacteria. Next, the performance of HC-PCF enhanced Raman
in a microfluidic flow cell, and SERS therein, were explored as discussed in sections 4.4.2

and 4.4.3 respectively. Section 4.5 contains the results and discussion pertaining to
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bacterial detection and quantification using fetal bovine serum (FBS) as the biomedical
matrix. The bacteria used in this section were S. aureus (SA), P aeruginosa (PAO1), and
E. coli (EC). After analysing the system performance, samples containing a single type or
mixture bacteria are assayed in sections 4.5.1 and 4.5.2 respectively. The performance
of HC-PCF enhanced SERS flow cytometry is then compared to other published
approaches to bacterial detection and quantification in section 4.5.3. In Section 4.6,
results pertaining to assaying MRSA and MSSA in synovial fluid are discussed. This
particular biomedical matrix is of interest for our collaborators in the orthopaedic surgery
unit of The Ottawa Hospital. Section 4.7 discusses the preliminary results on
functionalizing the HC-PCF with silver nanopatrticles to create an all-in-one substrate.
Finally, in Section 4.8 several avenues that are currently being explored to improve the
HC-PCF flow cell are briefly discussed.

4.2 Materials

Ethanol, silver nitrate salt, sodium citrate tribasic dihydrate, lysogeny broth (LB)
medium, agarose, hyaluronic acid, pooled human serum, and rhodamine 6G (R6G) were
all purchased from Sigma-Aldrich. Fetal bovine serum (FBS) was acquired from Gibco.
Three bacteria species, Pseudomonas aeruginosa (PAO1l), Staphylococcus aureus
(ATCC 25923), and Escherichia coli (CFT073) were acquired from ATCC and cultured
following the recommended guidelines. Two other strains of Staphylococcus aureus
named BP017 and BP038 were methicillin resistant and susceptible respectively. These
two strains were clinical isolates obtained from The Ottawa Hospital with approval from
the Health Sciences and Sciences Research Ethics Board (file number H-12-18-1994).
polydimethyl siloxane with curing agent was Sylgard 184 purchased from Dow Corning.

Hollow core photonic crystal fiber used in this work was HC-1550 from Thorlabs.

4.3 Methods

4.3.1 Synthesis and analysis of silver nanoparticles

Silver nanopatrticles were prepared using the citrate reduction method. Briefly, 50
mL of a 1.2 mM solution of silver nitrate in deionized water was deoxygenated by bubbling

nitrogen gas through the solution for three hours. It was then brought to a boil while stirring
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at 700 rpm. Once a boil was obtained, 10 mL of 1% w/v sodium citrate was added. This
solution was subsequently boiled for one hr, followed by submersion into ice water in
order to stop the reaction. The result was a yellow-grey silver colloid composed of
approximately 3.3 x 10° particles/mL with a mean diameter of ~100 nm. This solution was
stored away from ambient light at 4°C, and sonicated for one minute prior to each use.
The nanoparticles were analysed by means of SERS, transmission electron microscopy
(TEM) imaging, and UV-Vis absorption spectroscopy.

Bulk SERS enhancement was calculated as per the conventional formula, which
is given by
ISERS CNRS

Aspps = —— )
Ings Csgrs

where Isgrs and Iz are the measured intensities for SERS and normal Raman scattering
respectively. Often measurements for intensity are given in either arbitrary units (AU) or
counts/ second (cts/s). AU are used when the spectra have undergone signal processing,
and their magnitude is no longer reflective of a physical quantity. Cszrs and Cygs are the
concentrations of analyte used in the measurement. Often SERS experiments are
conducted with a lower concentration so that the amplified spectrum does not saturate
the detector. Fiber enhancement is calculated in the same way, wherein fiber
measurements replace SERS.

4.3.2 Preparation of synthetic synovial fluid

First a solution of normal saline (0.9%) was prepared by adding NaCl to DIW. Next,
this solution along with all necessary tubes and pipette tips were sterilized in an autoclave,
and all work was conducted under a flame to avoid contamination of the samples. To 12
mL of saline, which was still 30-40 °C from the autoclave, 45 mg of hyaluronic acid (HA)
was added and dissolved under gentle agitation. This HA solution was then divided and
diluted in additional saline to produce 6 mL solutions to which 3 mL of pooled human
serum was added, resulting in samples that were 1/3 serum by volume. The amount of
HA added was chosen to reflect three different joint states; 2.5 mg/mL for healthy

samples, 1.5 mg/mL for moderate disease, and 0.75 mg/mL for severe disease. These
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solutions were then divided in 0.5 mL aliquots and stored at -20 °C until use. Once thawed,

these samples were used immediately and never re-frozen.

4.3.3 Fabrication of optofluidic device
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Figure 12: Fabrication process for microfluidic devices base on a simple SU-8 mold

The microfluidic device used in this thesis had two slightly different versions. The first
V-shaped design was used in the experiments detailed in Sections 4.4 and 4.5, the later
L-shaped design was used for subsequent synovial fluid experiments in Section 4.6. The
shift from V to L shape was to better avoid the formation of bubbles in the system which
interfered with the HC-PCF. In the V-shaped design, bubbles would get trapped at the top
of the fiber interface hole due to buoyancy effects. These same effects allowed any
bubbles that formed to float up out of the chip in the L-shaped design, because the outlet
channel was positioned parallel to gravity. In either case, the replica molding fabrication

approach was the same.
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Figure 13: lllustration of V and L shaped microfluidic configurations.

The fabrication initially took place in our collaborator Dr. Michel Godin’s lab, and
eventually was performed in the Centre for Research in Photonics Nanofabrication Lab.
The processes, which is illustrated in Figure 12, started with a silicon wafer which was
sequentially cleaned in semiconductor grade acetone, isopropyl alcohol, and DIW before
drying with nitrogen. After this, a 60 um layer of SU-8 100 photoresist was spin-coated

onto the wafer using a Laurell WS-650-23 machine. The coating sequence was

1. Ramp to 500 rpm at 100 rpm/s, hold for 5-10 seconds.
2. Ramp to 5300 rpm at 300 rpm/s and hold for 30 seconds.
3. Decelerate to O rpm at -500 rpm/s.

The SU-8 layer was then baked according to the manufacturer instructions prior to
UV-photolithography. This was performed on a OAI mask aligner using an etched chrome
on soda-lime glass mask made by the University of Alberta nanoFAB centre. The SU-8
was exposed to a total UV fluence of 400 mJ-cm? and developed using standard
protocols. The PDMS was then mixed at base/curing agent ratio of 10:1 (w/w) followed
by degassing in a vacuum oven for 45 minutes then curing at 70 °C for 2 hrs. The PDMS
was demolded and cut to the desired size, then two 0.75 mm holes were punched at the
ends of the microchannel for interfacing with polytetrafluoroethylene (PTFE) tubing.
Additionally, a 1.25 mm hole was punched in the middle of the microchannel for
interfacing with the optical fiber via a sleeve. The PDMS was finally permanently bonded
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to a 75x25x%1.0 mm microscope glass slide (VWR VistaVision) using air plasma at 50 W

for 30 s. For completion of the bond, the device was left at 70°C overnight.

Following the fabrication of the microfluidic devices, the channels were integrated
with the HC-PCF to form the final optofluidic device. All components were filled with
ethanol during assembly in order to minimize the number of bubbles present in the
system. A piece of HC-PCF was used to bridge the two microfluidic channels and affixed
with epoxy resin. Finally, the device was flushed with deionized water and was ready to
be integrated into the optical system.

4.3.4 Acquisition of fiber enhanced Raman spectra

The system used to acquire Raman spectra was the same as that described in
Chapter 2, Section 2.4, except that the sample was an optofluidic flow cell as shown in
Figure 15A. The microfluidic device was mounted on a custom 3D printed chassis which
was screwed into a Thorlabs 3-axis flexure stage and placed in front of the laser. The
flexure stage was used to manually couple the fiber based on optical power meter
measurements from the far side of the fiber. The 3D printed chassis restricted the range
of possible fiber lengths to 0.5 to 8 cm, which was acceptable for this application. In order
to fill the fiber, a 4-reservoir, pneumatically driven flow system was used which is shown
in Figure 15. This necessitated each reservoir be connected to an air pressure source
(P1-4), which were driven by the building’s compressed air system. The air was first
passed through an air filter and then controlled by manual regulators. In all experiments
P1 was connected to the sample reservoir, P3 was connected to the flushing reservoir,
and P2 and P4 were connected to waste reservoirs. The following sequence was used to
fill and flush the fiber for measurements.

1. Increase P1 just until the sample begins flowing and allow to fill the microfluidic
chip and the tube to P2.

2. Increase P2 until the lateral flow stops.

3. Increase P1 then stop flow with P2 iteratively until both pressures reach 200 kPa
and the sample is now flowing through the HC-PCF.

4. Increase P3to 15 kPa to flow flushing fluid across the tip of the fiber.
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5. Once measurements are complete, drop P3 to 0 kPa, and iteratively decrease P1
and P2 to decrease both to 0 kPa while avoiding any back-flow or pressure
differences exceeding 50 kPa.

6. Repeat steps 1-5 but reverse the flow so that P3 and P4, both at 200 kPa, are now
driving flushing fluid through the fiber to clean it.

The samples containing bacteria were mixed in a 1:1 ratio with the previously
synthesized silver colloid. This solution was allowed to incubate while the optofluidic
platform was being flushed after the previous measurement, which required 5 minutes.
This solution was pumped into the HC-PCF in accordance with the procedure outlined
above. The spectrograph was set to acquire one spectrum every second for a period of
10 minutes from the fiber.

4.3.5 Culture and counting of bacteria

Bacteria cultures for quantification were produced by taking 10 uL of bacteria stock
suspension and streaking this fluid onto a LB agar plate. The bacteria stocks were
solutions of 25% glycerol into which 108 — 10° CFU/mL of bacteria were suspended before
being stored at -80°C. These plates were then incubated upside-down at 37°C for 16
hours. Afterwards, a single colony was taken with an inoculation loop and suspended in
2 mL of LB medium, which was incubated for 16 hours in an orbital shaker at 37°C and
200 rpm. This procedure produced bacteria solutions containing ~10° CFU/mL. These
sample were then diluted in the bio-fluid of interest (either FBS or synthetic synovial fluid)
to create samples with low concentrations of bacteria, which were then stored at 4°C and
used within 24 hours for Raman quantification. In order to quantify the samples against
the conventional counting method, 5 yL of a 10° CFU/mL solution of bacteria was plated
onto LB agar plates and incubated at 37°C for 16 hours. The colonies on each plate were
then counted in order to get an estimate for the number of CFU in each sample. Mixed
samples were prepared in an identical fashion, in that each bacterium was cultured and

counted separately before being mixed in solution.
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4.3.6 Data analysis

Raman spectra were processed using the methods described in Chapter 3. In this
chapter, the rational quadratic kernel (RQK) was explored as the basis for the GA-SVM
models which was given in Equation ( 39 ). In order to quantify the bacteria, a two-layer
classifier was used. The first layer discriminates bacteria spectra from the background
serum spectra. The next layer classifies the spectra according to either species or strain
depending on the application. This system was used to automatically count the number
of bacterial spectral events in a given time frame and then correlating this to the density
of cells in the sample. The limit of detection was then calculated based on LOD = 303

wherein oz is the standard deviation of the blank sample.

4.4 Initial validation of HC-PCF enhanced SERS

4.4.1 Early preliminary experiments
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Figure 14: Results of preliminary validation tests. (A) and (B) show the Raman spectrum of ethanol
in a 5 cm piece of HC-PCF in an HPLC and microfluidic flow cell respectively. (C) SERS
enhancement of citrate synthesized silver nanoparticles versus hydroxylamine reduced particles.
(D) Stability of SERS enhancement of citrate-silver nanoparticles over the course of two weeks.
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Before proceeding with the development of the optofluidic platform and experimental
HC-PCF SERS flow-cytometry, it was first necessary to validate the changes made with
respect to previous work. There were two major changes made from previous publications
from our group; the switch from HPLC fluidics to custom microfluidics, and a change in
nanoparticle synthesis approach. Figure 14A and B show spectra of ethanol in an HC-
PCF filled with the HPLC or microfluidic flow cell respectively. The results show that, for
the same length of fiber, the two flow cells produce effectively identical Raman
enhancements. There is therefore no measurable spectroscopic performance difference
when switching to the microfluidic system. Rather, the differences lie in the reduction of
dead volume, lower propensity for human error as the need to make an optical window in
the HPLC connectors is removed, and anecdotally easier coupling of the HC-PCF. The
dead volume in the HPLC system was approximately 100 uL, while for the microfluidic
cell this value is halved to 50 pL. This difference seems small, but it is very significant
when using low-volume patient samples. It is also substantially less expensive to make
PDMS manifolds in-house than purchasing PEEK connectors from suppliers, each of
which can cost over $100. Meanwhile, the materials needed to make a PDMS manifold
cost only $5, not including capital costs. In terms of nanoparticle synthesis, this work
employs a citrate reduction method for the formation of silver nanoparticles as outlined in
Section 4.3.1. Previously, our group had used a hydroxylamine hydrochloride based
reduction method as developed by Leopold and Lend| [110]. For example, this method
was used by our colleague Ali Momenpour for SERS based diagnosis of polycystic
ovarian syndrome [111]. Early on in this project we compared this synthesis method to
citrate reduction and found that citrate produced a colloid that was both more reproducible
and provided a higher SERS enhancement as shown in Figure 14C. We also tested the
stability of these citrate silver nanoparticles over a two-week period to observe if there
was any significant decrease in SERS enhancement. We found that the particle
performance does decay slightly overtime, but the correlation is rather low as shown in
Figure 14D. The line showing the linear regression between time and SERS
enhancement has an R? of approximately 0.2. This indicated that the silver nanopatrticles
are relatively shelf stable so long as they are stored in the fridge, in an airtight container,

and sonicated prior to each use.
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4.4.2 Optofluidic Raman platform performance
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Figure 15: Summary of the general performance results of the Raman optofluidic platform. (A)
Drawing of the optofluidic system along with the microfluidic and HC-PCF. (B) Raman spectra of
ethanol in cuvette and a 7 cm piece of HC-PCF. (C) Ratio of fiber intensity to cuvette intensity as
a function of fiber length, the line is an exponential best fit. (D) Relative standard deviation (SD)
of the Raman spectrum measured from 12 fill/flush cycles (intra-fiber deviation), and the deviation
between four different fibers (inter-fiber deviation).

The performance of the optofluidic system was evaluated using ethanol to
understand fiber length effect on Raman enhancement and the reproducibility of the
system. Figure 15B shows the Raman spectrum of pure ethanol as measured from a
cuvette compared to that collected from a 7 cm piece of HC-PCF. This fiber yields an
approximately twelvefold enhancement based on the peak at 880 cm™. Figure 15C
illustrates the change in this enhancement with respect to fiber length. According to
equation ( 20 ), there should be a roughly linear relationship between the length of the
HC-PCF and the enhancement factor. However, the results suggest that this function is
better represented by exponential growth to a steady state. There are two factors that
may explain this observation. First, as the length of the fiber increases, the probability of

trapping air in the crystal lattice increases. This results in local interruptions in the photonic
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bandgap that will decrease coupling efficiency. Secondly, when the fiber is long we must
also consider losses of coupled power along its length. Since excitation and collection
occurs through the same lens, Raman signal generated at the far end of the fiber will
reach the lens less efficiently, and will be excited with slightly less power than signal

generated close to the lens.

Figure 15D examines both intra- and inter-fiber reproducibility. These measurements
relate to the observed variation in Raman intensity between 12 fill/flush cycles and four
different fibers respectively. These metrics range from 5-15% for intra-fiber deviation, and
7-15% for inter-fiber deviation. This result is acceptable for the present application
because the spectra are normalized before being processed by the discriminant
algorithms. The absolute magnitude of the Raman spectrum isn’t strictly relevant because
bacteria will be quantified based on the number of spectral events counted as the cells
flow through the fiber. If this device were to be used for Raman quantification based on
the magnitude of the spectrum, then this reproducibility should be improved. This could

be achieved by automating fiber cleaving and coupling to reduce human error.
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4.4.3 SERS performance
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Figure 16: Results of initial SERS validation for the optofluidic Raman platform. (A) Raman
spectra of R6G in cuvette (bottom curve and right y-axis), and SERS spectra of R6G in cuvette
and HC-PCF (left y-axis). (B) TEM image of the silver nanoparticles on a copper grid. (C) UV-Vis
absorption spectrum of the silver nanoparticles. (D) Size distribution of silver nanoparticles.

Next the performance of the synthesized silver colloid was tested, both inside and
outside of the HC-PCF. Figure 16A shows the Raman/SERS spectra of 100 uM R6G dye
in water in three different conditions. These are normal Raman in a cuvette as a baseline
control, cuvette with silver nanoparticles, and finally HC-PCF and silver nanopatrticles.
The spectrum of the dye in the cuvette is weak and noisy, with a peak-baseline difference
of only 60 cts/s for the strongest peak at 1345 cmt. When the silver nanoparticles are
added to the cuvette, the result is a 200-fold enhancement of the Raman spectrum. When
this solution is flowed through the HC-PCF via the microfluidic flow cell there is an
additional twofold enhancement. The total bulk enhancement of the HC-PCF SERS
system is approximately 400 fold over a simple diffraction limited system. The fiber
contribution to the total enhancement does not increase if the fiber length is increased

beyond 1.5 cm because the coupling of some laser power to the plasmon resonance
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modes of the particles attenuates the mode propagating in the HC-PCF. We concluded
therefore that 1.5 cm was the maximum effective fiber length, and short pieces no greater
in length than 3 cm were used in future experiments. Lengths greater than 1.5 cm were

used simply for ease of handling and mounting.

Figure 16B shows a TEM image of the silver nanopatrticles. The images show that
the colloid has a high polydispersity, and is composed of primarily spherical particles with
some nanoplates and rods present. Based on the UV-vis spectra of the patrticles, as
illustrated in Figure 16C, the particles exhibit a broad plasmon resonance band, likely
relating to many different coupled modes in the aggregates, with a peak at 434 nm. A 785
nm laser was used to excite Raman scattering due to the high penetration of this
wavelength into biological media, and the low associated background fluorescence [112].
However, this wavelength is clearly far from the peak resonant wavelength of the silver
nanoparticles. One advantage of the citrate synthesis of silver nanoparticles in this regard
is the high resultant polydispersity. This means that there exists several coupled plasmon
resonance modes that can be excited by a 785 nm laser. Additionally, we expect that the
particles aggregate further and make larger nanostructure upon binding to bacteria cells,

although we have not experimentally verified this at this time.

Another important discovery from these experiments was that flushing the system
with DIW alone did not regenerate the platform in experiments with R6G. Residual
spectrum from the dye could be measured even after flushing. To resolve this issue, DIW
was replaced with methanol, into which R6G is significantly more soluble. This allowed
the fiber to be fully cleaned between measurements, and eliminated residual signal from
the dye. This highlighted the necessity of choosing a flushing liquid that was capable of
fully removing any analyte in the HC-PCF to ensure complete system regeneration. When
using biological samples, this means choosing a solution that can efficiently remove

biofouling from a glass surface.
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4.5 Detection and quantification of three different strains of bacteria
in fetal bovine serum

4.5.1 Mono-culture bacteria analysis
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Figure 17: Summary of the detection performance of the device for monocultures of bacteria in
fetal bovine serum (FBS). (A) Representative SERS spectra of P. aeruginosa (PAQ1), S. aureus
(SA), and E. coli (EC), as well as FBS and the relative standard deviation (SD) of each spectrum.
(B-D) PAQOL, SA, and EC density in FBS as a function of spectral events in a 10 minute window,
respectively.

After validating the reproducibility and the amplification of the optofluidic detection
platform, the device was used to analyse bacteria present in FBS to simulate clinical
samples. As noted earlier, three different bacteria were used for an initial validation of the
system, namely PAO1, SA, and EC. Average post-processed SERS spectra for each of
these bacteria are shown in Figure 17A, as well as the average spectrum of the
background, and the standard deviation of all the spectra. We observe negligible
deviation of the FBS spectrum, illustrating that the spectral output from the optofluidic

platform is stable between and during measurements. As bacteria cells pass through the
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fiber, a very strong SERS signal is generated over a short time-of-flight period as the cell
passes through the strong field region in the 1.5 cm closest to the coupling lens. It was
hypothesized that the optofluidic platform could be used to count the number of spectral
events over a given time frame, and that this count would correlate to the bacterial density

in the sample.

The GA-SVM algorithm was used to both automate the counting of spectral events
and differentiate between species of bacteria based on their SERS spectra. This first task
was performed with a binary model that differentiated the background FBS spectrum from
cellular spectra. Using fully processed data with background subtraction made this task
relatively easy, because the background spectrum appears as noise after subtraction.
Subsequently, the bacterial spectra could be processed with a one versus one multi-
discriminant model in order to determine the pathogen identity. GA-SVM was also
compared to PLS-DA to determine if SVM yielded similar improvements to classification
models as for the regression models in Chapter 3. Spectra were initially acquired from
dense monocultures of bacteria to generate a SERS library of ~500 spectra per species.
Models were then trained and validated as before, using 60% of the data to train, and the

remainder to validate.

The result was that GA-SVM significantly outperforms PLS-DA in differentiating
species of bacteria. GA-SVM and PLS-DA vyielded accuracies of ~92 and ~56%
respectively. The accuracy for simply guessing in a three class problem is 33%, thus PLS-
DA does yield some discriminant power but any non-linearities explained by GA-SVM are
necessary for a good model. When using simple nanoparticles with minimal surface
functionalization as done in these experiments, there is a significant element of
randomness in how to particles adhere to the bacteria, as this is a very complex chemical
system [113]. Thus there is considerable variation in the SERS spectrum acquired for
each species. This is illustrated in the relative standard deviations of the bacterial spectra
as shown in Figure 17A. In some cases, the standard deviation is on the same order of
magnitude as the average spectral intensity. The result is a substantial degree of within-
class variance in the datasets, thus conserved features which differentiate bacteria may

be more reliably found in the interaction terms between spectral components. This may
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explain why GA-SVM outperformed PLS-DA in this application, because the latter cannot
account for these terms in the original feature space. The full confusion matrix showing
the GA-SVM performance in building this two-layer discriminant model is given in Table
3.

Samples containing bacterial cell densities between 0 and 100 CFU/mL were then
used to validate the quantification performance of SERS flow cytometry with automatic
counting by GA-SVM. A spectral event was defined as a change from the background
spectrum to a bacterial spectrum and back to the background. Thus consecutive bacterial
spectra were considered as one event when calculating the number of cells counted. The
reason for this is that the likely time of flight of a cell through the HC-PCF is greater than
the spectral integration time in these experiments. If the cells are moving at the maximum
fluid velocity, then the Darcy-Weisbach equation estimates that the cells travel at a

maximum speed of 1.5 cm/s. This equation is given by

_ ApDim (49)
Q= 128uL’
where Q is the volumetric flow rate, D, is the pipe diameter, p is the differential pressure,

u is the fluid viscosity, and L is the pipe length. As determined by the preliminary HC-PCF
SERS experiments, the effective fiber length is limited to 1.5 cm. The integration time of
the spectrometer was set to one second for these experiments, thus the fastest a cell
could travel through the fiber was in the space of one acquisition. Figure 17B-D show the
calibration models obtained for each bacterium using the number of events counted over
a period of 10 minutes. Using this system, the limit of detection for bacteria in FBS ranges
from 3.2 to 4.3 CFU/mL with good linearity (R? > 0.9). In order to regenerate the system
between measurements, the system was flushed with a 1.0% solution of Triton x100
followed by deionized water. Commercial lysis buffer could also be used as a flushing

fluid for this purpose.

75



Table 3: Confusion matrix showing the results of the dual layer SVM used to count bacterial
spectral events and identify pathogens.

Predicted ID
Matrix PAO1 EC SA
Matrix 93.6% 0.0
A PAO1 92.5% 6.7% 0.8%
é EC 6.4% 4.0% 90.5% 5.5%
SA 1.0% 1.4% 97.6%

4.5.2 Mixed culture bacteria analysis

Using the calibration and discriminant models generated in the previous section,
inherent multiplexing using SERS flow cytometry was investigated with mixed samples of
bacteria. Single blind samples were used in these experiments, which were made by our
collaborators in the BeATS lab. The bacterial loads in each sample were not known by
the operator until the data had been acquired and fully processed with the GA-SVM.
During spectral processing it was assumed that each spectral event represented a single
bacterium, and that spectra from multiple species did not temporally overlap. The GA-
SVM models were not trained to identify multiple species from a single spectrum, which
necessitated this assumption. The results from this experiment are summarized in Table
4. From these results, it is evident that the performance of the device is notably decreased
when compared to analysing monocultures of bacteria. The overall root mean squared
error is 13.27 CFU/mL, which is most pronounced in blind samples D and E where the
load of PAOL is underestimated, and the load of EC is overestimated respectively.
Despite this error, the real and measured quantities of bacteria are highly correlated (R?
=0.96). This suggests that using spectra from monoculture samples can be applied to the
analysis of mixed samples, but some errors are present. One possible contributing factor

to this error is the fact that dead cells and cellular fragments are likely registered as
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spectral events. The lack of viability metric means that the true CFU of a sample is not
measured, because dead cells categorically cannot form colonies. It is possible that cell
fragments of different bacteria may have similar SERS spectra, hence the erroneous
classification that appears to be observed particularly in samples with higher bacterial
loads. It is well known that nano-silver has a bactericidal effect, therefore this may
increase the number of dead cells in the sample. It has been shown that the minimum
inhibitory concentration of citrate capped silver nanopatrticles for EC is approximately 50
UM of total silver. In approximately 1 hour, these particles reduce the number of viable
cells by one order of magnitude from a 10° CFU/mL starting culture [114]. In this
experiment about 60 uM of total silver was used, thus cell death due to the particles was
likely. However, the incubation time was very short at 5 minutes, with an additional 10
minutes for the measurement. In previous work by our group, it was found that differences
between states of death in leukaemia cells could be distinguished using Raman
spectroscopy [66]. Therefore, an additional classifier could potentially be applied using

live/dead data in order to get a true CFU measurement, which may improve results.

Table 4: The measured vs. actual bacteria density in five blind samples

Blind PAO1 (CFU/mL) SA (CFU/mL) EC (CFU/mL)
sdmple actual / measured actual / measured actual / measured
A 10/16.64 10/7.77 10/13.68

B 0/-2.57 25/19.59 50/43.23

C 0/-7.00 0/-1.09 0/4.82

D 25/4.82 25/29.94 25/35.85

E 25/15.16 100/ 103.81 50/91.99
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4.5.3 Comparison to other methods

According to the diagnostic guidelines for PJI, it is recommended that three
samples are acquired during surgery for subsequent culturing [115]. Both aerobic and
anaerobic cultures are then performed in order to successfully grow pathogens with
different metabolic characteristics. These are then incubated for up to 14 days, followed
by histopathological analyses. This method achieves sensitivity and specificity on the
order of 80% and 90% respectively, and theoretically even a single CFU can be isolated
after incubation [115]. Ideally, treatment is delayed until these tests have successfully
identified an infecting pathogen so that appropriate antibiotics can be selected. Therefore,
it is important to develop new culture-free technologies to reduce or ideally eliminate this

two-week lag time.

Table 5 shows the detection limit and time requirements of different techniques
reported in the literature compared to the HC-PCF SERS method outlined in this chapter.
In all cases, the total assay time is significantly reduced by eliminating the culturing step.
However, even in technologies with very low detection limits culturing or sample
enrichment may be required in certain applications. This is because isolating even a
single CFU from an area of the body that should be sterile can be considered a positive
sample. One such example is the case of systemic blood infections, wherein 1 CFU/mL
acquired from the blood is indicative of an infection [116]. The benefit of sample
enrichment is illustrated in Table 5 by the dielectrophoresis/SERS system developed by
Wang et al which achieved single CFU/mL detection in 72 hours [103]. The majority of
this time was taken up by the dielectrophoresis enrichment process itself, but the result
is still faster than culturing some bacteria. Many of the other techniques listed here could
be improved by the addition of a cell enrichment method, including our HC-PCF SERS
technique. These considerations aside for now, the proposed fiber enhanced SERS flow
cytometry approach compares favourably to PCR, SPR, EIS, and other SERS methods.
It is worth restating that this is an inherently multiplexed technique by virtue of the GA-
SVM discriminants, whereas the PCR and biosensing techniques listed here would

require additional primers or recognition elements.
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Table 5: Comparison of different novel methods for bacteria sensing including surface plasmon
resonance (SPR), electrical impedance spectroscopy (EIS), surface enhanced Raman scattering
(SERS), and quantitative polymerase chain reaction (QPCR) assays.

Limit of Detection

Transducing Element Time Required  Ref.
(CFU/mL)
' ' This
HC-PCF enhanced SERS counting 3.2-43 15 min.
work
SPR with gold nanohole array 100 35 min. [90]
SPR with gold film, anti-fouling layer, and ]
_ _ 17 - 7400 80 min. [91]
gold nanoparticle sandwich
SPR with aptamer on gold coated silica .
_ 10,000 60 min. [92]
nanoparticles
EIS on gold electrode with antibody 10 Not specified [94]
EIS on interdigitated gold electrodes with _
. _ 100 5 min. [95]
antibody-gold nanopatrticles
EIS on lectin functionalized gold )
75 60 min. [96]
electrode
SERS with dielectrophoresis enrichment
. . 1 17 hrs [103]
and functionalized gold nanorods
SERS with aptamer conjugated silver _
_ 15 20 min. [107]
nanoparticles
Duplex droplet digital PCR 4000 70 min. [117]
gPCR 10 120 min. [118]
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4.6 Assaying MSSA and MRSA in synovial fluid
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Figure 18: Preliminary results on assaying antibiotic resistant strains of S. aureus using the SERS
flow cytometry system. (A) Spectra of real and synthetic synovial fluid. (B) Spectra of three strains
of S. aureus in the amide Il region of the SERS spectrum

Following initial validation of the SERS flow cytometry system using FBS as a
biomedical matrix, preliminary experiments were conducted in synovial fluid to begin
exploring PJI applications. Additionally, as noted previously there is an ever increasing
need to rapidly identify antibiotic resistant pathogens in order to appropriately select
therapies. The most prevalent of these is MRSA, thus SERS spectra were acquired from
three different S. aureus strains to determine if they could be spectrally discriminated.
These included the ATCC 25923 strain used in the previous sections as well as two
clinical isolates from joint infections. These strains, BP017 and BP038, were MRSA and
MSSA respectively.

First, SERS spectra in the HC-PCF flow cell were acquired for real patient synovial
fluid as well as synthetic fluid made in the lab. The goal was to create a surrogate
biomedical matrix in which a spectral library of bacteria could be generated, without
needing real patient samples. This necessitates a material with similar chemical
composition to real synovial fluid, and therefore an equivalent Raman spectrum. As
described in Section 4.3.2, the synthetic synovial fluid is made from a 1/3 dilution of
pooled human blood plasma with different amounts of HA to represent different disease
states. Synovial fluid is a filtrate of blood plasma containing 20-30 mg/mL of protein, which
is roughly 1/3 of the concentration in plasma [119,120]. The three concentrations of HA

used are 0.7, 1.5, and 2.5 mg/mL which represent severe disease, moderate pathology,
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and normal healthy levels respectively [119,120]. The lower concentrations of HA were
not used in the work presented in this thesis but should be used by future researchers
continuing this work. Most publications regarding mimetic synovial fluid attempt to
replicate its mechanical properties and thus contain other additives. These were not
added to the synthetic fluid employed here, because the goal was to mimic the chemical
composition rather than mechanical properties. The spectrum of mimetic synovial fluid
was compared to the spectrum of fluid acquired from a patient during knee surgery as
shown in Figure 18A. The results indicate that the synthetic fluid is a passable chemical

replica of the real fluid and can be used to generate a SERS library.

Table 6: Confusion matrix regarding GA-SVM classification of MRSA and MSSA strains.

Predicted ID
MRSA MSSA
BP017 (MRSA) 93.6% 6.4%
o BP038 (MSSA) 12.2% 87.8%
o
=
- ATCC25923
0.9% 99.1%
(MSSA)

Next, the spectra of the three S. aureus strains were acquired in the synthetic
synovial fluid. The average SERS spectra in the amide Il band, and associated standard
deviations (SD) are shown in Figure 18B. This specific SERS band is shown because this
is where the most notable spectral differences between MRSA and MSSA was found.
Specifically, we observed an elevated spectral band in the region of 1330 cm™ to 1430
cm in the MSSA samples, which is conserved in both BP038 and ATCC25923 relative
to BP017. This band is associated with the vibrational modes of CHs bonds in lipids, as
well as several amino acid modes. One major difference between MRSA and MSSA is in

penicillin-binding protein 2A, which is located in the bacterial cell wall [121]. Therefore,
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one possible explanation of this observation is that the penicillin binding protein
expressed by MSSA shows a stronger binding affinity towards the silver nanopatrticles
than the proteins expressed by MRSA. This may explain the elevated SERS band that
appears in both of the MSSA strains tested.

These spectra were then analysed using the RQK kernel GA-SVM as previously
performed, except that the discriminant model was trained using only spectra from BPO17
and BP038, and the ATCC strain was left only for the validation set. The reason for this
was to determine whether there are indeed conserved spectral differences between
MRSA and MSSA. If the ATCC strain is correctly identified as MSSA, despite the model
being naive to its spectra, then this result further implies conserved spectral features. The
GA-SVM discriminant results are shown in the confusion matrix in Table 6. We observed
an overall prediction accuracy of 93.5%, indicating that the system is able to discriminate
between MRSA and MSSA in PJI isolates. Furthermore, the ATCC strain is correctly
classified as MSSA, suggesting that there is some preserved structure between

susceptible and resistant strains that is apparent in their SERS spectra.
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Figure 19: Decoration of the inside of an HC-PCF with silver nanoparticles as a fiber enhanced
SERS substrate. (A) SEM image of the cut face of an HC-PCF whose central lattice defect was
functionalized with silver nanoparticles. (B) An SEM image showing a magnified section of the
inner wall of the HC-PCF. Please note that due to the angle of the fiber relative to the SEM
detector, this image does not accurately reflect the particle size and shape. (C) EDS spectrum of
the image in (B), with relevant atomic peaks labeled. (D) Normal Raman spectrum of 1ImM R6G
in a cuvette versus SERS of 0.1 mM R6G in the Ag-HC-PCF

For the sake of posterity, this section will briefly outline a series of experiments
attempting to functionalize the inside of an HC-PCF with a SERS substrate in order to
build an all-in-one system. While promising results were obtained, the process was
difficult and had poor reproducibility, thus more promising research avenues were
explored instead of continuing to optimize the fabrication method. However, an interested

researcher is certainly encouraged to pick up this work in the future.

Several groups have previously examined the functionalization of micro-structured
optical fibers with active plasmonic surfaces. Csaki et al examined the deposition of silver
using self-assembling monolayer techniques within a suspended core optical fiber [122].
For this application they used the fiber mostly as a sample holder and did not couple light
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into it. They showed that the surface layers are stable over several months despite
repeated filling of the air-holes in the fiber. Amezcua-Correra et al created a
microstructured optical fiber with a silver nanoparticle layer generated via chemical
vapour deposition [123,124]. In this case, light propagates through the fiber in a solid core
and the evanescent field interacts with the plasmonic surfaces created within the air
channels. They tested this fiber as a SERS sensor for the detection of ATP and calculated
that the over-all enhancement factor of the Raman signal compared to bulk measurement
in a cuvette is approximately 104. Guo et al used a multi-hole capillary modified with gold
nanoparticles as a fiber enhanced SERS system [125]. They examined transverse as well
as longitudinal measurements of Raman spectra. The study found that longitudinal
measurement is superior to transverse measurement which is consistent with our work.
Han et al compared Raman scattering in solid core PCFs to HC-PCFs with immobilized
silver nanopatrticles and found that the HC-PCF generated a higher Raman intensity due
to the direct overlap between the transmitted field and the sample within [126]. All of these
aforementioned studies have found that the transmission efficiency of the fiber is
significantly reduced by the introduction of plasmonic surfaces. This leads to a trade-off
between increasing the interaction length for Raman scattering and increasing the density
of active plasmonic centers to facilitate SERS. The majority of studies focus on forward
scattering collection of Raman photons. This means that they have found that it is
necessary to use very short pieces of fiber, or a very low silver nanoparticle density. Of
the studies mentioned, only one employed backwards collection geometry and found that
the trade-off between interaction length and plasmonic surface density actually nullified

one another in this set-up [124].

In order to generate a layer of silver nanoparticles on the fiber surface two different
routes were explored. The first attempt involved treating the HC-PCF with oxygen plasma
to generate reactive Si-O groups on the surface of the glass. Subsequently, a 5% w/v
solution of (3-aminopropyl)triethoxysilane (APTES) in ethanol was slowly flowed through
the fiber overnight in order to generate amine groups to which the silver nanoparticles
would bind. It was discovered that the ATPES had a tendency to gel inside the
microstructure of the fiber and prevent flow thereafter, and that the silver nanoparticles

also had binding affinity to the plasma treated glass without any need for a binder. SEM
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images of the functionalized HC-PCF alongside an EDS spectrum thereof are shown in
Figure 19. It should be noted that the odd appearance of the fiber in this image is due to
the fiber braking during cleaving. We wished to search for silver nanopatrticles in the mid-
point of the fiber length, and the plasma treatment process may have caused the fiber to
become more brittle. Despite this difficulty, there was evidently silver colloid dispersed
over the interior surface of the central defect in the fiber, which could be used to generate
SERS spectra. R6G was used as a test molecule to determine the SERS efficiency of this
scheme, resulting in the spectra in Figure 19D. The resultant bulk enhancement of the
Ag-HC-PCF was found to be 1500 relative to cuvette measurements in these
experiments, which is significantly higher than the average enhancement reported in
Section 4.4.3 for colloidal silver in the HC-PCF. However, despite these promising initial
results, they proved difficult to reproduce.
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4.8 Improvements to the HC-PCF flow cell

4.8.1 Microfluidic control system
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Figure 20: Schematic of the microfluidic control system outlined in this section to potentially
replace the device shown in Figure 15. Peristalsis pumps replace the pneumatics, and syringe
driven valves are used for precise flow control.

The design for the microfluidic HC-PCF flow cell used thus far is controlled by manual
air pressure regulators which drive fluid flow by pressurizing fluid reservoirs. There are
several drawbacks to this design which must be addressed to deploy this technology.
Firstly, using air pressure to drive flow increases the chance of forming bubbles in the
flow cell which could impede optofluidic interfacing with the HC-PCF. This is simply a
result of Henry’s law, which states that the amount of gas dissolved into a fluid is
proportional to the local pressure of said gas. This means that air diffuses into the sample
and flushing fluid within the pressurized reservoirs and may precipitate as bubbles in the
low pressure region at the far side of the HC-PCF. Therefore, it is important to use another
method to drive fluid flow though the system. We are currently in the process of testing
peristalsis pumps in conjunction with soft tubing as shown in Figure 20. This class of

pumps drives fluid flow by squeezing soft tubing with rollers attached to a rotor. Therefore,
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there is now no air pressure which could cause gas to diffuse into the system, and the
mechanical components of the pump never come into direct contact with the fluids

meaning that biocompatibility is possible with appropriate tubing selection.

Another issue with the previous air pressure control method is that the two sources on
either side of a microfluidic chip must be balanced to halt the lateral flow and force fluid
through the HC-PCF. This is difficult to do manually and can result in accidental backflow
of fluid or air into the channels that may damage the flow cell or decouple the fiber and
laser. A possible solution to this problem is the addition of micro-valves onto the fluidic
manifolds that will allow for easier control of the flow direction through the HC-PCF. There
have been several publications regarding the fabrication of valve systems for microfluidics
over recent years. One of the most common approaches used to fabricate micro-valves
is the pneumatically driven membrane technique [167]. This involves the deflection of an
elastic membrane by air pressure, which either occludes or frees a fluidic layer when
moved [168,169]. More novel methods of valve actuation involve thermal control of the
size of different materials in order to block fluidic channels. One class of these materials
are stimuli-responsive hydrogels which collapse in the presence of high temperatures and
swell when the temperature decreases. The size of these gels can be controlled using
integrated resistive heaters, optical absorption [171], or magnetic fields [172].
Temperature sensitive fluids can also be applied in a similar fashion [173]. Of these
methods, pneumatically driven membrane compression seems to the be simplest
method. As such we have designed a microfluidic valve layer that fits over our current
manifold design. The manifold is now fabricated using a thin spin-coated layer of PDMS,
which can be compressed by the valve layer to halt flow in a certain direction. The valves
will be driven by syringe pumps to provide the necessary pressure to compress the flow
layer. This whole integrated system is illustrated in Figure 20, wherein both syringe and
peristalsis pumps could be controlled by a microcontroller to fully automate the HC-PCF

filling/flushing algorithm.

In order to make these valves and thin PDMS layers, standard replica molding is
applied as described in Section 4.3.3. However, instead of simply pouring PDMS over the

mold, the material is spin-coated for the channel layer. The thickness of PDMS layers for
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a given spin speed have been studied previously [174]. In order to demold this thin film,
it is necessary to add a layer of sacrificial material to release it. To this end, a thin film of
PMMA at most a few hundreds of nanometers thick is first applied and subsequently
dissolved in acetone to release the PDMS. The valve layer is made as before and bound
to the channel layer by only partially curing both components before aligning and pressing

them together.

4.8.2 Integrated microfluidic filtration

As mentioned briefly, implementing some type of cellular enrichment system would be
beneficial to this bacteria detection scheme because it would effectively lower the
detection limit, and facilitate truly culture free detection. Ideally this method should be fast
and capable of separating bacteria cells from any larger eukaryotes that might be present
in a clinical sample. This could be performed by centrifugation or by passing the fluid
through different sized filter, but it would be valuable to perform this filtration in-line with

the HC-PCF SERS system and not require separate processing steps.

One possible method of continuous size exclusion filtration using microfluidic devices
are inertial separation approaches, in which the balance of forces on a particle in a flow
cause it to migrate to a well defined position within the channel. This is commonly done
in curved channels, wherein the centripetal forces on the fluid cause it to form flow
patterns known as Dean vortices. These take the form of an even number of counter
rotating vortices observed in the plane perpendicular to the major flow direction. The
shear forces on a particle from these vortices and the wall lift forces cause patrticles to
migrate to size dependant positions in the lateral cross-section of the flow. This then
allows for isolation of certain sized particles from specific regions in the channel. The

degree of Dean flow is often described by the unitless Dean number De which is given by

De =R d
e = e zrc' (50)

where Re is the flow Reynold’s number, d;, is the hydraulic diameter of the channel, and

1. IS its radius of curvature. One major advantage of this approach is that a large volume
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of fluid is processed quickly due to the relatively high flow rates employed. Compared to
dielectrophoresis or chromatography, the processing time is reduced, but the cells are
also concentrated to a lesser extent. This may mean that multiple inertial separation
devices in series may be required to achieve a high enough concentration of detection.

One of the most popular approaches to inertial separation is to design continuously
curved channels as spirals, and there have been several reports of using these devices
in cell separation. Dr. Jongyoon Han'’s group has extensively studied spiral microfluidic
systems to isolate cells, such as circulating tumors or leukocytes, from whole blood [175—
178]. There have been a number of studies investigating the performance of these
devices in isolating bacteria sized particles as well. Lee et al developed a 3D printed
microchannel that successfully separated E. coli conjugated to antibody functionalized
magnetic nanoparticles from milk [179]. Afterwards the E. coli could be detected with
absorption spectroscopy. Condina et al used a spiral microfluidic system with trapezoidal
channels to isolate bacteria from yeast in beer samples [181]. The bacteria could then be
successfully identified with MALDI-TOF mass spectrometry. An interesting challenge
unique to PJI application is the fact that samples are often in synovial fluid, which is non-
Newtonian and exhibits shear thinning properties. The micro-scale fluid dynamics of such
biological non-Newtonian fluids has been an area of recent study, including inertial
focusing of particles within the flow. It has been shown that even in straight channels, the
shear thinning behavior at the channel walls causes lateral migration of particles within
the flow [183]. This effect combined with curved channels can result in very efficient size-

exclusion filtration and concentration [184].

Flow through a spiral channel inertial separation device is driven by the same
peristalsis pumps discussed in the previous section, so long as the flow rate is well
defined. The enrichment device can empty cell enriched solution directly into the sample
reservoir shown in Figure 20 and be fully integrated into the automated fluid processing.
This new iteration of the microfluidic flow cell is currently under development, and

constitutes a portion of a colleague’s future thesis.
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4.8.3 Improving HC-PCF robustness

The HC-PCF employed in this thesis for SERS flow cytometry is a well suited
waveguide for this application in several aspects. It guides both the excitation and Raman
shifted photons with good efficiency over the fingerprint regime of Raman spectra, and
the small mode field diameter in the fiber (10 um) means that there is a high degree of
overlap between the excitation field and the bacteria cells. However, there are a number
of challenges encountered when using the HC-PCF for this application. Glass is
susceptible to biofouling due in part to its hydrophobicity which encourages the binding
of proteins, and bacteria cells can get trapped within the crystal lattice of the fiber which
may disrupt the guiding modes and halt flow. It may be possible to employ a different type
of waveguide, such as a step index fiber, to address some of these issues. Part of the
challenge lies in finding a material which has a lower refractive index than water to
facilitate total internal reflection. One such material is Teflon AF polymer, which has a
refractive index around 1.29 compared to water's 1.33. Teflon AF capillaries have been
tested previously as part of Dr. Altaf Khetani’'s work, using commercially available
material. The problem with these capillaries is that the channel through which fluid and
light co-propagate is relatively large at approximately 70 um. For bacterial detection this
is a problem, because now the mode field/cell overlap is significantly decreased
compared to HC-PCF. Indeed, Teflon fibers were briefly tried during this thesis’ work, and
it was found that no spectral events could be detected from bacteria flowing through the
fiber. It may be possible to use microfabrication techniques to make a hollow Teflon AF
polymer waveguide with a smaller guiding channel to facilitate fiber enhanced Raman.
This fabrication process may be somewhat difficult to integrate into a larger system
because the chemical inertness of Teflon means it does not bind readily to other
materials. Of course, Teflon is still highly hydrophobic, so biofouling may still also be an

issue.

An alternative approach may be to modify the HC-PCF in order to take advantage of
its existing good properties. One such modification could be to introduce a monolayer of
hydrophilic material onto the inner surface of the fiber to prevent adhesion by generating

a slip layer of water molecules. One possible route to this could be to add a layer of
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polyvinyl alcohol (PVA) using the method described by Trantidou et al [185]. In this
approach, the surface of glass, or PDMS, is made reactive by oxygen plasma treatment.
Then a solution of 1% PVA is flowed through the system to deposit a layer of this
hydrophilic polymer on the surface. We have already successfully employed this method
to hydrophilize the HC-PCF, with early anecdotal results suggesting the fiber is less prone
to plugging as a result of this treatment. In order to prevent bacteria, or other types of
cells, from becoming trapped in the fiber crystal lattice, the best approach may be to
collapse the cladding holes at the ends of the fiber to prevent any fluid from entering them.
The result would be that the fiber becomes a step index guided system because the
effective index of the air-filled lattice would be lower than that of water. This extra step
should only be necessary in the case of cell-containing samples, and other chemical
detection assays could continue to use the fiber as a bandgap guided system.

4.9 Conclusion

In summary, we have designed an optofluidic Raman platform which utilized a
hollow-core photonic crystal fiber filled via microfluidics as the main transducing element.
This system can be regenerated repeatedly, by flushing the system with a fluid into which
the analyte of interest is soluble. Addition of silver nanoparticles into the system provides
a large bulk enhancement to the Raman scattered field which facilitates measuring the
spectra of biological molecules which tend to have low Raman cross-sections. This
system has been applied to the multiplexed detection of bacteria in FBS, wherein a novel
method of forcing bacteria to flow through the hollow fiber and counting the number of
Raman events was developed. This counting was preformed automatically using a
powerful genetic SVM algorithm. This system achieved a detection limit on the order of 4
CFU/mL while requiring only minutes to perform a measurement. Promising results were
also obtained for bacterial SERS in synthetic synovial fluid, wherein it was discovered
that MRSA and MSSA could be differentiated based on their spectra. Further
development of this system has the potential to greatly improve standard of care for
patients suffering from infection, as well as many other possible applications in food or

environmental monitoring.
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Chapter 5 Determination of Chemoresistance
in Ovarian Cancers by Kinetic SERS on

Cysteine-Capped Gold Nanoparticles

51 Introduction

Ovarian cancer (OVCA) is a devastating disease that is often diagnosed at a late stage,
resulting in it being the most fatal of all gynecological cancers [127]. After diagnosis,
surgical removal of the majority of the tumor mass followed by chemotherapy with a
platinum-based drug such as cisplatin (CDDP) is the current standard of care [128].
Unfortunately, relapse is extremely common in OVCA cases and this reoccurrence is
frequently accompanied by resistance to the chemotherapeutic agent (chemoresistance)
[127]. The biological mechanisms by which this resistance is developed broadly fall into
two categories; intrinsic and acquired resistance. Intrinsic chemoresistance arises from
innate survival factors of the tumour cell including reductions in drug uptake, increased
drug efflux, avoidance of apoptosis, and other mechanisms [129]. Acquired
chemoresistance results from genetic pressures originating from the chemotherapy,

which rewards the expression of survival factors [130].

Accurate diagnosis of chemoresistance is an important step in delivering the best
possible therapy, and there are a number of assays that are currently employed. These
include culture-based tests using primary tumour cells which are often acquired during
initial surgical debulking. Chemoresistance is determined by exposing cells to the
chemotherapeutic drug and then assaying survivability, commonly by measuring
thymidine uptake, nuclear morphology, or ATP production [131-133]. These tests can be
effective at predicting drug responsiveness but acquired resistance may be missed in the
initial tumour cells. Another test involves acquiring positron emission tomography (PET)
images using radiopharmaceutical platinum complexes [134-136]. Treatment with these
radiolabeled drugs means that at least one round of chemotherapy must be completed,

thus diagnosis by PET may occur late into treatment [137]. Other approaches include
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measuring the mass spectra of tumour cells and analysing their metabolomic profile with
machine learning [138], and Raman micro-spectroscopy to analyse biochemical
differences between cancer cells [139-142]. A less invasive approach to diagnose
chemoresistance is to quantify different biomarkers in serum. This can be achieved by
various methods such as Western blots, ELISA assays, RT-PCR, or biosensors.
Specifically, measuring CA-125 and HE4 levels in the blood is used to screen ovarian
cancer patients. However, the sensitivity and specificity of these tests can be low,
particularly in early stage cancers [143,144].

Tumour derived exosomes represent a new potential biomarker for chemoresistance,
which can be measured from the tumors themselves or circulating in the blood. Exosomes
are nanoscale vesicles, 30-200 nm in diameter, which are exported from cells and play a
role in cell-to-cell communication in healthy physiological processes as well as many
pathologies [145,146]. They are formed through the internal budding of endosomes,
resulting in a multivesicular body which merges with the plasma membrane to expel the
nano-vesicles into the extra-cellular fluid. Tumor-derived exosomes have been implicated
in the development of chemoresistance through several cell-to-cell communication
mechanisms [147-149]. Additionally, CDDP resistant cancer cells have been shown to
exhibit a reduced lysosomal compartment, excrete significantly more exosomal-protein,
and export more CDDP per exosome than chemosensitive cells [150,151]. This suggests
sequestration and excretion of CDDP through the exosomal pathway is a component of
chemoresistance, and quantification of exosome derived CDDP represents a potential

diagnostic/prognostic biomarker.

Quantification of CDDP is currently non-trivial and employs complex methods such as
high performance liquid chromatography coupled to a fluorometric, or mass spectroscopy
guantification methods [152,153]. These techniques require expensive instrumentation
and highly trained operators, meaning that their reach may be limited to large research
hospitals. There have been limited attempts to circumvent this by creating a bespoke and
facile sensor for CDDP, with one example being the g-quadruplex DNA fluorometric
sensor developed by Jantarat et al [154]. Quantification of exosomes is frequently

achieved via nanoparticle tracking, dynamic light scattering, or flow cytometry technology
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[155]. In these techniques, elastically scattered light or fluorescent emissions are used to
measure exosomes. This is reasonably simple and accurate, but fluorescently labelled
CDDP would be needed to also quantify the drug. This would be unrealistic from a clinical
perspective as labelling CDDP would likely change its pharmacodynamics and thus its

treatment efficacy.

In this chapter, the development and early validation of a SERS chemoresistance assay
is presented. The sensor measures three characteristics of OVCA derived exosomes,
CDDP content, exosome concentration, and the exosome chemical profile
simultaneously to generate a multi-factor diagnostic indicative of chemoresistance. This
is accomplished with cysteine capped gold nanoparticles (Au-Cys), which are destabilized
upon interaction with CDDP. The rate at which the particles aggregate can be measured
by a kinetic series of Raman spectra, and this was found to be proportional to the CDDP
concentration. Once the particles have finished aggregating, the steady SERS spectrum
contains exosome chemical signatures. These spectra can be used to generate both
regression and classification models to simultaneously quantify exosomes and classify
them based on OVCA subtype and chemoresistance. This sensor was validated using 6
different cell lines (4 chemoresistant and 2 chemosensitive), from two of the major
histological subtypes of OVCA, namely endometrioid (EM) and high grade serous (HGS)
carcinomas. Section 5.2 concerns the materials and methods used in this work, including
the nanoparticle synthesis method. The results and discussion in Section 5.3 begin with
characterization of the cysteine capped gold nanoparticles, and validation of the CDDP
sensing mechanism. Next, in Section 5.3.2, exosomes are added to the sample solutions
to determine their effect on CDDP quantification and develop a GA-SVR model with their
intrinsic SERS spectra to quantify the vesicles. These same spectra were used in Section
5.3.3 to chemically differentiate exosomes between OVCA subtype and chemoresistance
profile using GA-SVM. All of these metrics are then combined in Section 5.3.4 to arrive at
a chemoresistance diagnostic. Finally, in Section 5.3.5, the sensor is used to study the
effect of plasma gelsolin (pGSN) expression on chemoresistance.
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5.2 Materials and methods

5.2.1 Nanoparticle synthesis

Au-Cys particles were made via ligand exchange with citrate capped gold
nanoparticles (Au-Cit), due the formation of Au-S bonds between the metal and amino
acid. To make the Au-Cit particles, 40 mL of 0.5 mM solution of tetrachloroauric(lll) acid
in DI water was brought to a boil, then 242 uL of 30 mM trisodium citrate was added. This
solution was boiled for 30 minutes, during which the solution became a ruby red colloid
of gold nanoparticles, which was then cooled to room temperature. The particles were
then cleaned by centrifugation at 5000 rpm for 30 minutes, aspirating the supernatant,
and replenishing it with clean DI water three times. During each cycle, the particles were

re-dispersed via a one minute of bath ultrasonication.

In order to make the Au-Cys nanoparticles, the previously synthesized citrate
particles were centrifuged again and suspended in 10 mM NaOH. This solution was then
deoxygenated by purging with pure nitrogen for one hour. At neutral pH, cysteine is
zwitterionic due to the carboxylic acid and amine moieties possessing negative and
positive charges respectively. This causes nanoparticles to rapidly aggregate due to
electrostatic attraction when cysteine is added to the solution. To avoid this, ligand
exchange could be performed under acidic or alkaline conditions to fully protonate the
amine or deprotonate the carboxylic acid respectively. Using a weakly alkaline solution
was chosen over the acidic route because the concentration of acid required to impart a
primarily positive charge to the cysteine is roughly four orders of magnitude higher than
the quantity of base needed to yield a negative charge (carboxylic acid pKa = 1.96, amine
pKa = 8.18). Finally, L-cysteine was added to yield a 1 uM final concentration. This
concentration of cysteine was chosen based on unpublished inductively coupled plasma
measurements of CDDP in OVCA derived exosomes. These showed that the maximum
concentration of CDDP was on the order of 1 uM. Thus, this concentration of cysteine
was chosen so that interactions between the drug and amino acid would have a significant
impact on the capping of the gold nanoparticles. The solution was stirred overnight to
facilitate binding of the cysteine to the nanoparticle surfaces. The particles were then
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cleaned by centrifugation similarly to above, except 10 mM NaOH is used instead of DI

water. Particles were stored at 4°C. All chemicals were purchased from Sigma-Aldrich.

Nanoparticle size and concentration was analyzed by dynamic light scattering
(DLS) and C-potential measurements performed using a Malvern ZetaSizer instrument.
For gold nanopatrticles, solutions were diluted 10%-fold in degassed and centrifuged (5000
rpm, 30 minutes) 10 mM NaOH. Exosomes were diluted 103-fold in normal saline to avoid
multiple scattering events in the solution. Plasmonic properties of the nanoparticles were
assayed using UV-Vis spectra acquired with a Bio-Tek Synergy HT 96 well plate reader.
Finally, morphology and size of the nanoparticles was determined with TEM images from
a FEI Tecnai G2 Spirit Twin TEM analyzed with ImageJ.

5.2.2 Raman measurement

Using the same basic optical setup as previous studies, Raman spectra were acquired
from a capillary based sample cell. The glass capillary was held by a 3D printed mount
which positioned the sample such that the propagation axis of the laser aligned with the

long axis of the capillary. The mount was attached to a 3-axis flexure stage for alignment.

5.2.3 OVCA cell culture and exosome isolation

Chemosensitive (HGS: TOV3041G; EM: A2780s) and resistant (HGS: OV90,
TOV3291G; EM: A2780cp; TOV112D) OVCA cells were used in our study. The HGS and
EM cell lines were cultured and maintained in OSE (Wisent Inc, St-Bruno, Canada) and
RPMI 1640 (Life Technologies, NY, USA) media, respectively[156]. Media were
supplemented with 10% FBS (Millipore Sigma; St. Louis, MO), 50 U/mL penicillin, 50
U/mL streptomycin, and 2 mmol/L I-glutamine (Gibco Life Technologies, NY, USA). All
experiments were carried out in serum-free media using 1.6 x 10° cells. Conditioned
media from OVCA cultures was centrifuged (2500 g, 10 minutes) to remove dead cells
and debris. The supernatant was then centrifuged (20,000 g, 20 minutes, at 4°C) to
remove microparticles. Finally, the supernatant was centrifuged (100,000 g, 90 minutes,
4°C) resulting in a pellet of exosomes. Exosomes were characterized as previously

demonstrated in [147]. These are then suspended in isotonic saline for Raman analysis.
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All of these steps were performed by our collaborators in Dr. Tsang’s group at The Ottawa

Hospital Research Institute.

5.2.4 CDDP and exosome SERS assay

Samples containing exosomes were first sonicated for 15 minutes to lyse the vesicles
and release any CDDP and exosomal protein. Fifty uL of sample solution was then mixed
with 1 mL of nanoparticle colloid and left overnight. Immediately prior to a measurement,
the colloid was destabilized by rapidly adding NaCl and then mixing vigorously for 10
seconds. A 3 cm piece of glass capillary (ID = 1mm) was then dipped into the solution
and subsequently placed at the focal point of the Raman excitation laser. Raman spectra
were then acquired with an integration time of 10 seconds over a period of 15 minutes,

resulting in a kinetic series of 90 spectra per sample.

5.2.5 Spectral data processing

As before, spectra were processed by normalization and background subtraction.
However, in this work the airPLS algorithm was used to fit the background function to the
spectra [157]. For discriminant and regression models, the GA-SVM algorithm was used
with the RQK kernel function. For Raman kinetic measurements, the band at 320 cm™
which is related to a Pt-Cl vibration in CDDP was selected to create a time series. This
series was then windowed in the region between 1.5 and 15 minutes, and the slope of a

linear regression was used to estimate the aggregation rate in cts/minute.

Multifactor diagnostics scores (S) were constructed using a linear combination of the
CDDP concentration, exosome concentration, and SVM score given by S = wf where the
score f is a vector containing the individual factors and w is a vector of weights. An
optimal w is found using a linear SVM which results in w = Y1, a;y;f;, wherein y; =
{—1,1} and represents the class (chemosensitive or resistant) of a set of measurements

for a single sample f;.
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5.3 Results and discussion

5.3.1 Exploratory study and initial validation
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Figure 21: Characterization of the synthesized Au-Cys nanoparticles. (A) TEM image of fresh
particles. (B) Size distribution taken from ~300 nanopatrticles in different TEM images. (C)
Absorption spectra of fresh and two-month old Au-Cys patrticles. (D) SERS spectra of Au-Cys and
Au-Cit particles, with the relevant cysteine/cystine peaks labeled.

Early experiments attempting to use SERS to quantify CDDP relied on directly
measuring the bond resonances of the drug. However, it was quickly found that the
spectral fingerprints of CDDP were too weak due to the dilute solutions of exosome-
derived CDDP. Thus we sought an alternative means of quantifying the drug. One
hypothesis was that by capping the nanoparticles with a molecule that would interact with
CDDP, the drug would change the stability of the particles. As noted in Chapter 2, when
monodisperse particles aggregate their LSPR modes couple together creating plasmonic
hotspots between particles. These coupled modes are resonant at longer wavelengths,
which is ideal given that Raman scattering was excited at 785 nm in this work. Therefore,
one would expect to see the SERS intensity initially rise due to the formation of these
nano-scale aggregates, and eventually fall due to the formation of overly large structures.

The rate at which this occurs would be a metric for the original stability of the colloid, with
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a less stable suspension aggregating more quickly. The SERS bands of the capping
molecules or CDDP trapped between particles could be monitored as a function of time,

and the change in intensity with respect to time could be used to measure this rate.

For this scheme to function, the nanoparticles needed to be capped with some
molecule that would interact or react with CDDP to some degree. The drug normally
functions by binding the N7 atom of two adjacent guanine residues to prevent DNA
replication [158]. However, CDDP actually binds non-specifically to many nucleophiles
such as thiols and amines in proteins. As noted in Section 5.2.1, particles were initially
formed by citrate reduction. When ionic gold is reduced to its atomic form by citrate it is
oxidized to dicarboxyacetone and acetone. Excess citrate in the reaction then caps the
nanoparticles, yielding a negative surface charge on every particle which keeps them
suspended by electrostatic repulsion [32]. Citrate is a potential candidate for a capping
molecule to interact with CDDP, as its carboxylic acid groups are weakly nucleophilic.
However, we wished to introduce stronger nucleophiles to the nanoparticle surface, thus

citrate was displaced with cysteine which has both an amine and thiol group.

After synthesis of Au-Cys particles they were characterized by means of TEM, (-
potential, absorption spectroscopy, and SERS. Based on the TEM images, the colloid
contained heterogeneous elliptical particles with a mean axial length of 43.7 nm as shown
in Figure 21A and B. To assess the stability and plasmonic character of the particles,
absorption spectra were acquired from fresh and two-month old preparations. Figure 21C
illustrates these results and shows the expected dipole localized surface plasmon
resonance for gold nanoparticles at 533 nm. Furthermore, the small differences between
the differently aged particles shows that they are stable for long periods of time. SERS
spectra of nanoparticles dried onto a glass slide were used to confirm successful binding
of cysteine to the gold surfaces as shown in Figure 21D. The presence of several Raman
bands in the spectrum of the Au-Cys nanoparticles suggest that the ligand exchange
reaction was successful. Primarily, the Au-S stretch band at 267 cm! implies that cysteine
is bound via the thiol group as predicted [159]. Additionally, strong bands at 638 cm™ (C-
N stretch), 672 cm™ (C-S stretch), and 1058 cm* (H-N-C bend) all imply the presence of

cysteine on the gold surface [159]. The band appearing around 513 cm™ is associated
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with the S-S bond, suggesting that some cysteine is oxidized during the reaction [159].
The presence of several overlapping bands between the Au-Cys and Au-Cit particles
suggests that displacement is not complete during this reaction, and some citrate remains

on the particle surface.

~0.20 0.15
A 2 g oMV > C A |——0min.
= . 00-15' - _CDDP :0.12' - ] 15min
. © (7] ] -
- 10 " Blank| € ¢ 0] ‘
G \ Diff (O |
:'?0 051 © 0.06- 3
& a O- \ 8 33
» B 0_00_ \ "5_0.03' 5 nm
= © 6.00-
400 nm o '0-05 T T T T ) T T
-100 -50 0 50 400 600 800
¢ Zeta Potential (mV) Wavelength (nm)
..3 10
3 2.0- E I E 0- E
&) -10 1
= 1.6 3 £
2 - £-201
2 1.2 s @ -30-
3 = ®
€ 0.8 @ o -40 -
T T T T T 2 '50 T T T T
§ 0 5 10 15 207 01— — 00 02 04 06
m Time (minutes) Citrate Cysteine [CDDP] (ng/mL)

Figure 22: Early validation of the CDDP sensing mechanism using samples of pure drug in
isotonic saline. (A) TEM image of the aggregated patrticles. (B) -potential of the Au-Cys patrticles
with and without interactions with CDDP as well as the difference between these measurements.
(C) Absorption spectra of the nanoparticles before and after aggregation. (D) Representative
Raman kinetic series, illustrating the progression of spectral intensity over time. (E) Sensitivity of
Au-Cit versus Au-Cys particles to CDDP. (F) Relationship between the aggregation rate as
measured by kinetic SERS and the CDDP concentration.

To find if CDDP had any effect on the stability of the particles, Au-Cit and Au-Cys
particles were incubated with a high concentration (0.6 pg/mL) of drug, with blank isotonic
saline and nanoparticles used as a control. To induce aggregation 10 uL of 1 M NaCl was
added per 1 mL of nanoparticles to disturb the electrical double layer that normally
provides stability. Aggregation was confirmed by the TEM images and absorption spectra
shown in Figure 22A and C. The TEM images clearly show large 3D aggregates of
particles, and the absorption spectra display a decrease in the dipole resonance at 533
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nm associated with an increase in absorbance at longer wavelengths which is consistent

with particle aggregation.

Next the SERS kinetic series measured from aggregating particles was considered
and the expected trend was observed. The intensity initially increased due to formation
of aggregates with strong coupled LSPR modes, followed by the SERS intensity
decreasing as the aggregates became too large. An example of how the SERS intensity
changes as a function of time is shown in Figure 22D. The rate is estimated by the slope
of the Raman kinetic series, as illustrated by the linear fit in Figure 22D. This slope was
used as a metric for colloidal stability to assess the effect of CDDP on the nanopatrticles.
The difference in aggregation rate between blank saline and 0.6 pg/mL CDDP was used
to compare the sensitivity of Au-Cys and Au-Cit to the drug. The results shown in Figure
22E show that Au-Cys had a significantly higher responsivity to the drug, and the rate of
aggregation was statistically different between treated and untreated particles for both
capping agents. Comparing the {-potential of the CDDP treated and untreated Au-Cys
nanoparticles as shown in Figure 22B, there is a slight shift towards 0 V suggesting that
CDDP destabilizes the particles. The mean {-potential of the as-synthesized particles was
found to be -45 mV, and the peak charge shifts slightly to -43 mV upon interaction with
CDDP. Furthermore, there is a significant increase in the charge distribution between -36
and -14 mV in Au-Cys particles with CDDP. At this time, we are unsure if this is caused
by CDDP binding to the amine group, or displacing cysteine from the gold nanoparticles
by binding to the thiol group. The latter seems more likely based on the observed
decrease in surface charge. Based on these results, we have formulated a tentative

sensing mechanism illustrated in Figure 23.
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Figure 23: lllustration of sensing mechanism for SERS quantification of CDDP and exosomes. (1)
After synthesis, Au-cys particles have a strong negative surface charge which maintains a mono-
stable colloid of gold nanoparticles. (1) After incubation with CDDP, the drug binds to the cysteine
residues and reduces the surface charge of the particles, thus destabilizing them. In this
illustration, it is assumed that the thiol group preferentially conjugates with platinum thus removing
the amino acids from the nanoparticle. Aggregation is induced, and the rate at which this happens

is proportional to the CDDP concentration. (lll) At steady state aggregation, the nanopatrticles are
stochastically aggregated about exosomes and exosomal proteins/lipids.
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Using samples of CDDP in saline as initial proof of concept samples, a regression
relating the drug concentration and the aggregation rate was developed. A strong
correlation is observed between the particle aggregation rate and CDDP concentration,
with the linear range extending from approximately O to 0.2 pg/mL as shown in Figure
22F. Further optimization was postponed until exosomes were introduced into the

samples in order to account for their effect on the sensor.
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5.3.2 Quantifying exosomes and exosome derived CDDP
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Figure 24: Quantification of exosomes and exosome-derived CDDP. (A) The aggregation rate of
the nanopatrticles for 0.6 pg/mL CDDP with different concentrations of pooled exosomes. (B) SVR
regression model for exosome quantification based on the steady state SERS spectra. (C)
Regression relating CDDP concentration to nanoparticle aggregation rate as measured by SERS.

To study the effects of exosomes on the CDDP sensing scheme, initial experiments
added pooled samples of exosomes derived from two paired OVCA cell lines, namely
A2780S (AS) and A2780CP (CP), which are EM chemosensitive and resistant cell lines
respectively. These two cell lines are of special significance because they were originally
isolated from the same tumor and only differ in their resistance to chemotherapy.
Therefore, we can hypothesize that any differences between these two cell lines are
purely a factor of chemoresistance.

First, different concentrations of exosomes were suspended in a 0.6 pg/mL solution
of CDDP, and the same aggregation experiments were conduced to observe the effect of
the vesicles on the nanoparticles. DLS measurements were used to estimate the initial
concentration of the OVCA exosome isolates. To quantify particles with DLS, one requires
a priori knowledge of the particle refractive index, which for our purposes was taken to be
1.365 based on published data [160]. The concentration of exosomes was found to be
250+40 nM using this method. We found that the exosomes provide a strong stabilizing
effect to the Au-Cys particles, even in the presence of CDDP. This is illustrated by the
decrease in aggregation rate as the concentration of exosomes increased as shown in
Figure 24A. The most probable explanation for this observation is the adsorbed corona

of exosome-derived proteins, as this has been shown in other studies to have a stabilizing
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effect [161]. Despite the apparent effect of exosomes on our CDDP quantification method,
there were two encouraging results. First is that even at high concentrations of exosomes,
aggregation was never completely inhibited. Secondly, this effect saturates at exosome
concentrations above 100 nM, which means that for exosome samples in the expected
range of 250+40 nM variations in the exosome concentration will not have pronounced
effects on the aggregation rate. Thus, the stabilizing effects of the exosomes could be
accounted for by increasing the amount of NaCl added to cause aggregation, in order to
keep the assay in the original 15-minute window.

The formation of a protein corona and the apparent interactions with exosome
components suggests that the SERS spectrum should contain vibrational signatures of
these molecules. Therefore, the average steady-state SERS spectrum could be used to
analyse the concentration and chemical identity of the exosomes using GA-SVM. To this
end, a GA-SVR model was built to relate the exosome concentration to the SERS
spectrum, and the resultant model is illustrated in Figure 24B. The results indicate that
the SVR model is effective in quantifying exosomes with a root mean squared error of 44
nM and a limit of detection of 65 nM. The error of the SVR method is similar to that of our
original DLS measurements, indicating that if we were to use a more rigorous
guantification method to analyse the exosome standard, then the SERS-based model
could also be improved. Future experiments may consider quantifying exosomes using

flow cytometry for this reason.

Next, the CDDP detection scheme was recalibrated using undiluted pooled exosome
samples from n = 10 independent cell cultures. The quantity of NaCl added was increased
from 10 to 50 pL per mL of sample to account for the exosome stabilization effect. The
new regression model is shown in Figure 24C, wherein a highly linear relationship (R? =
0.93) between the aggregation rate of CDDP concentration was found. The limit of
detection for this scheme was found to be 0.17 ug/mL. The most notable difference
between this regression and the previous relationship found for CDDP in neat saline is
that the aggregation rate is now positive. This is consistent with the observation that the
exosomes stabilize the particles, as an earlier stage of the aggregation kinetics was

observed in these measurements. Specifically, the exosomes cause the kinetic SERS
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measurement to capture monodisperse particles forming optimally sized
nanoaggregates, thus resulting in increasing intensity as a function of time. In the earlier
results this process occurred too quickly, and instead the growth of large non-resonant
aggregates was observed. The CDDP and exosome quantification schemes developed
in this section can now be performed simultaneously in a single kinetic SERS
measurement to acquire two biomarker concentrations that may relate to

chemoresistance.

5.3.3 SVM discriminants to classify exosomal Raman spectra; differentiation

between histological subtypes and chemosensitivity
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Figure 25: Raman spectra of untreated exosomes on cysteine capped gold nanoparticles
acquired from the steady state of the aggregation kinetic series. The shaded regions represent
one standard deviation from the mean.

Given the success of SVR based exosome quantification on the Au-Cys SERS
substrate, the next test was to find if chemical differences between exosomes could be
used to differentiate different histological subtypes and chemoresistance profiles of the

associated tumours. This would be possible if there are conserved chemical features
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across subtypes, or consistently correlated with chemoresistance. To this end, SERS
spectra were acquired from exosomes derived from six OVCA cell lines with different
histologic subtypes (HGS and EM) without CDDP treatment. The specific cells used were
three EM cell lines, A2780s (AS), A2780cp (CP), and TOV112D (112), as well as three
HGS cell lines TOV3041G (3041), TOV3291G (3291), and OV90. Of these, AS and 3041
cells are sensitive to CDDP whereas CP, 112, 3291, and OV90 are resistant. The average
exosomal spectra acquired for each of these cell lines using Au-Cys aggregates are
shown in Figure 25.

Three SVM discriminant models were then created; one which differentiates
between EM and HGS, and two which differentiate between CDDP sensitivity/resistance
within each histologic subtype. These results are given in Table 7 and Table 8. It was
found that the SVM model could differentiate between EM and HGS ovarian cancer cell
derived exosomes with ~75% accuracy. When differentiating between chemosensitive
and chemoresistant cell-derived exosomes, the SVM model had significantly different
performance between the two histological subtypes. Accuracy was much higher for HGS
exosomes (~88%) compared to EM exosomes (~70%), implying that the biochemical
differences related to chemosensitivity may be more pronounced in this subtype.
However, it should be noted again that the EM set of data contained the paired OVCA
cell lines AS and CP. The fact that these are paired cells means that their spectra are
more similar, and any differences are more likely to be exclusively correlated to
chemoresistance. When comparing exosomes from the other cell lines, spectral
differences may be due to heterogeneity between different tumors that is not necessarily
correlated to chemoresistance. The accuracy for discriminating between AS and CP
exosomes alone also has an accuracy of ~70%, indicating that there are conserved

spectral features which differentiate chemoresistance profiles.
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Table 7: Confusion matrix showing the prediction of tumor subtype based on exosome SERS
spectra

Predicted ID
EM HGS
EM 75.24 24.76
o
(O]
E HGS 26.11 73.89

Table 8: Confusion matrix showing the prediction of chemoresistance based on exosome SERS
spectra separated by subtype

Predicted (EM/HGS)

Sensitive Resistant

Sensitive 67.6/85.7 32.4/14.3

HGS)

Resistant 26.7/10.0 73.3/90.0

True (EM/

The difference between spectra and first two loading vectors of a partial least squares
projection (see Appendix: tentative band assignment for OVCA cell derived exosomes.)
were used to determine which Raman bands contributed to differentiating between
histologic subtype and chemosensitivity [159,162-165]. Comparing EM and HGS
spectra, Raman bands at 1050, 855, and 980 cm™! correlate strongly with HGS. The band
at 1050 cm™ likely reflects the H-C-N bending of the cysteine capping molecules, thus
indicating differential aggregation behavior of the nanoparticles with respect to subtype
specific exosomes. What is more interesting is that the bands at 855 and 980 cm™ are
assigned to cytosine/uracil and ribose, respectively. This may suggest that HGS
associated exosomes carry more RNA than other subtypes which may be an area for
future investigation. With respect to EM cell-derived exosomes, their spectra are more
associated with protein bands such as 1505 (Amide II, tryptophan), 1180 (amides), and

769 cm? (tryptophan). A similar set of bands differentiate chemoresistant and
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chemosensitive cell-derived exosome spectra as well. With 1050 and 980 cm- correlating
with chemosensitivity, and 915 (hydroxyproline) and 1306 cm™ (adenine/cytosine ring
resonance) correlating with chemoresistance in both HGS and EM. Again, the prevalence
of RNA associated bands in these discriminant models points to the possible role of

exosome-derived RNASs in ovarian cancer progression, especially in HGS.

5.3.4 Diagnosis of chemoresistance using multiple biomarkers from a single

assay
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Figure 26: Diagnostic capability of the nanophotonic SERS assay (* is p < 0.05, ** is p < 10*
compared to chemosensitive). (A) Comparing the quantity of exosomes in untreated samples of
OVCA cells as measured by SERS. (B) ROC curves for diagnosis of chemoresistance based on
guantifying exosomes from untreated EM and HGS cells alone, and multi-factor diagnosis with
the SVM prediction. (C) Comparing the quantity of exosomes and (D) CDDP concentration per
unit exosome for each OVCA cells treated with CDDP. (E and F) ROC curves for diagnosing
chemoresistance based on quantifying exosome, exosomal CDDP, or both combined with SVM
prediction for HGS (E) and EM (F).
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With the basic characterization of the Au-Cys based kinetic SERS assay complete,
we then tested whether a multi-factor diagnostic which combined all previous
measurements could act as an effective chemoresistance diagnostic. This included the
CDDP concentration from the aggregation rate, the concentration of exosomes from SVR,
and the SVM score for chemoresistance discrimination. In order to normalize the
measurements, the CDDP measurements were reported as fg/(10 exosomes) in order
to quantify the rate of sequestration by the OVCA cells. The exosome concentration is
divided by the total protein (t.p. in the figures) to account for differences in the number of
cells cultured. These metrics were combined with the SVM scores to create a linear multi-

factor diagnostic.

Initially, exosomes from untreated cells were analysed to find if the exosome
concentration and SVM discriminant could be used as a pre-treatment diagnostic for
chemoresistance. The output and receiver operator curve (ROC) from these
measurements are shown in Figure 26A and B. The area under the ROC (AUROC) is a
metric for the quality of a diagnostic, wherein an AUROC of 0.5 represents a meaningless
discriminant and an AUROC of 1 represents a perfect diagnostic. The concentration of
exosomes per total protein derived from untreated cells yields a poor diagnostic. Using
this metric alone yields AUROCs of 0.63 and 0.5, for EM and HGS respectively. The
previous section has shown that SVM discriminant analysis of untreated cells could yield
a good diagnostic, particularly for HGS. By combining this with the exosome
guantification, the AUROC increases to 0.67 and 0.96 for EM and HGS respectively. This
is in agreement with the previous results that indicate SVM is able to discriminate between
HGS derived exosomes more readily. From these results we find that diagnosing
chemoresistance based on untreated cell-derived exosomes may have some diagnostic

power, but the performance is highly subtype dependant.

For the next experiments, CDDP treated samples involved culturing the cells with the
drug before isolating exosomes. Therefore, the sensor was quantifying the CDDP
sequestered and expelled by the cancer cells during treatment. Upon treatment with
CDDP, the exosome gquantification results changed significantly as shown in Figure 26C.

There was a marked increase in the amount of exosomes released by the chemosensitive
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AS cell line, eliminating any difference between chemoresistant and sensitive EM cells.
This may be due to the AS strain dying as a result of CDDP treatment and releasing
dysfunctional exosomes as debris. Conversely, treatment seems to cause a significant
increase in exosomes released by chemoresistant HGS cells. This subtype-dependant
difference may be due to mechanistic differences in chemoresistance expression
between OVCA subtypes. Instead, if the amount of exosome-derived CDDP is measured,
a subtype independent diagnostic was found. It has been previously shown that
chemoresistant tumour cells release a higher amount of CDDP in their exosomes than do
their sensitive counterparts. The results from CDDP quantification with our kinetic SERS
assay tends to agree with this observation. Average CDDP concentrations from
chemosensitive EM and HGS derived exosomes are 2.6 and 1.5 fg/(10® exosomes)
respectively. While for chemoresistant EM and HGS cells, these values increase to 4.7
and 2.5 fg/(10° exosomes) respectively. These values are shown in Figure 26D. We found
a relatively low statistical significance for this difference (p < 0.05 for all but OV90) due
primarily to the combined variances of the exosome and CDDP quantification.
Regardless, we find that CDDP quantification yields a good, subtype independent,
diagnostic with AUROCs of 0.75 and 0.69 for EM and HGS respectively. When CDDP
and exosome gquantification are combined with the SVM scores from the previous section
the diagnostic power is improved for both subtypes yielding AUROC of 1 and 0.97 for EM
and HGS, respectively.
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5.3.5 Studying the effect of plasma gelsolin expression on chemoresistance

phenotype by kinetic SERS
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Figure 27: CDDP and exosome quantification from pGSN mutant OVCA cells. (A) CDDP
guantification results for chemosensitive AS wild-type (WT), AS pGSN overexpression (OX),
chemoresistant CP WT, and CP pGSN knockout (KO). (B) Exosome guantification for the
exosomes derived from untreated (UT) and treated (T) OVCA cells. * means p < 0.05

Previous results from our collaborators at OHRI have identified cell-derived exosomal
plasma gelsolin (pGSN) as an important protein in chemoresistance. In healthy
individuals, pGSN normally acts as an actin binding protein acting to remove this toxin
from the extracellular space. However, Asare-Werehene et al have found that pGSN over
expression is associated with a shorter time-to-recurrence in OVCA [147]. Knocking down
the pGSN gene in chemoresistant cells caused them to become sensitive and undergo
apoptosis in response to the drug, and induced overexpression in sensitive cells caused
them to become resistant. Furthermore, exosomal secretion of pGSN is increased in
chemoresistant cells and these pGSN laden exosomes are able to induce

chemoresistance in formerly sensitive cells [147].

Using the chemoresistance diagnostic we had developed in the previous sections, we
wished to determine the effect of pGSN expression on exosome production and
sequestered CDDP. To this end AS cells were cultured in their natural wild-type (WT)
state or with pGSN overexpression (OX), to determine if this induced a resistant
phenotype. On the other hand, CT cells were cultured as WT or with pGSN knockdown
(KO) in order to eliminate the chemoresistant phenotype. These cells were also either

treated with CDDP (T sets) or left untreated (UT sets), in order to find if treatment had an

111



effect on exosome production in either cell type. The results of CDDP and exosome
guantification are shown in Figure 27A and B respectively. For SVM tests, the pGSN
mutants were left out of the training set thus making the model naive to these samples.
This was done in order to examine which parent cell, AS or CP, the pGSN mutants were

most similar to without biasing the classifier.

The results indicate that overexpression of pGSN in chemosensitive cells (AS) causes
increased secretion of both exosomes and exosome derived CDDP. However, this CDDP
result is not quite statistically significant due to the large variance of the measurement.
pPGSN knockout in formerly chemoresistant cells (CP) causes a decrease in CDDP
excretion. Therefore, with respect to CDDP sequestration and secretion in the exosomes
we find that pGSN plays a role in developing the resistant phenotype. In general,
chemoresistant cells tend to excrete more exosomes than do their sensitive counterparts.
As expected, when pGSN is overexpressed there is an associated increase in exosome
production. However, when pGSN is knocked down in resistant cells there is no decrease
in exosome release. Again, this may be due to the CP-KO cells becoming sensitized to
CDDP, thus undergoing apoptosis in response to the drug and releasing non-
physiological exosomes as debris. With respect to the machine learning results shown in
Table 9, all pGSN mutant exosomes are predominantly classified as CP (chemoresistant)
using this method. When the cells are treated with CDDP, the discriminant splits slightly
between AS and CP, but is still predominantly the latter.

We therefore found that pGSN overexpression induces a resistant phenotype in
formerly sensitive cells, but the sensitive phenotype is not fully recovered by pGSN
knockdown. Only CDDP excretion levels decrease in response to knockdown, while
exosome secretion and overall exosome chemistry do not appear change significantly.
The complete mechanisms underlying the development and expression of
chemoresistance are still an area of active study. An interesting result from these
experiments is that exosome production appears to decrease in the CP-WT cells in
response to CDDP. This potentially points to the drug itself as a mechanistic cofactor.
There is precedent for this type of interaction, as it has been found that CDDP dissociates

cellular gelsolin (cGSN) from an apoptosis inhibiting protein to which it can bind [166].

112



Table 9: Confusion matrix showing the GA-SVM predicted class for the pGSN mutant OVCA cell-
derived exosomes.

Predicted

Sensitive Resistant

CP-pGSN-KO Treated 80% 20%
CP-pGSN-KO Untreated  92.5% 7.5%
S
= AS-pGSN-OX Treated 80% 20%
AS-pGSN-OX Untreated 100% 0%

5.4 Conclusion

This chapter has described the design of a SERS based diagnostic modality for
determining chemoresistance in OVCA. This sensor is based on CDDP modulating the
stability of cysteine capped gold nanoparticles, and measuring the inherent SERS
spectrum of tumor derived exosomes. CDDP was successfully quantified by measuring
the aggregation rate of the nanoparticles based on a kinetic series of Raman spectra.
This method achieved quantification of CDDP down to 0.17 pg/mL. The quantity of
exosomes could also be acquired in a single measurement by using the exosomal SERS
spectrum at the steady state aggregation of the nanoparticles. These spectra were also
employed for tumor subtype, and chemosensitivity discrimination based on SVM models.
The final result was three diagnostic factors; CDDP concentration, exosome
concentration, and SVM class, which could be combined into a multifactor diagnostic. The
results show that drug and exosome efflux from tumor cells is both treatment and subtype
dependent. In general, we found that chemoresistant OVCA cell lines excrete more
exosomes and more exosome-derived CDDP than their sensitive counterparts. However,
a single factor was not sufficient to achieve a good diagnostic due to the high variance of
tumor cells. The multi-factor diagnostic provided by this SERS sensor was able to

overcome this issue, achieving AUROCs of 0.97 to 1. This sensor may be valuable in
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monitoring the efficacy of ongoing chemotherapy, and may indicate the development of
acquired resistance. While less efficacious, quantifying exosomes and applying SVM
discriminant analysis on their Raman spectra prior to CDDP treatment does hold some
diagnostic potential. This may be employed as a pre-screening tool in chemotherapy that
could be used to avoid ineffective treatment. Finally, we showed the utility of this sensor
not only as a potential diagnostic tool, but also as a means of conducting chemoresistance
studies by quantifying CDDP and exosomes. This was explored using pGSN mutant
OVCA cells, wherein we found that overexpression of this protein leads to the
development of the chemoresistant phenotype, and knockdown partially induces the

sensitive phenotype.
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Chapter 6 Summary and Future Work

6.1 Summary of thesis

The major objectives of this thesis were to advance the field of Raman chemical
sensing by exploring three major themes addressed in Chapters 3-5. These were the
development of rapid non-linear chemometrics to develop efficacious discriminant and
regression models, the design and validation of fiber enhanced SERS flow cytometry as
an approach for cellular detection, and the development of a small molecule
functionalized SERS substrate to diagnose chemoresistance in ovarian cancers.

Chapter 2 contained the underlying theory and existing knowledge which laid the

foundation for the work in this thesis.

Chapter 3 outlined the theory and validation of a support vector machine based
system which employed a genetic algorithm to optimized kernel hyperparameters. In this
work, a simplistic analytical fitness function was employed that took advantage of the well
developed theory underlying SVMs. Additionally, this was the first time that this type of
fitness function was applied to support vector regression. The resultant genetic algorithm
support vector machine (GA-SVM) was first applied to standard machine learning test
sets, and showed comparable results to other reported methods. The time required to
optimized the kernel functions was found to be significantly reduced when compared to
the conventional grid search method. This algorithm was also faster than other
approaches to GA-SVM wherein n-fold cross validation is used as a fitness function, while
in this work, the SVM optimization problem only needed to be solved once per model.
GA-SVM was found to outperform PLS in all the Raman chemometric regression
applications tested. Primarily, the improvements were to the precision of the resultant

model, thereby decreasing the total error, with minimal effect on accuracy.

Chapter 4 concerned the development of fiber enhanced SERS flow cytometry with
the goal of developing a rapid culture-free methodology for bacterial quantification and

identification. This began with some small but significant changes to the HC-PCF flow cell

115



system developed previously by our group, most notably of which was the change from
high performance liquid chromatography manifolds, to those based on bespoke
microfluidics. Not only did this halve the system dead volume, but also paves the way for
more advance optofluidic systems, some of which being suggested in this chapter.
Following basic experiments validating the enhancement and reproducibility afforded by
HC-PCF SERS, the system was employed in bacterial detection in fetal bovine serum.
The developed method relied on counting spectral events generated by silver decorated
bacteria as they flowed through the HC-PCF. Counting these events estimated cellular
load and discriminated different species of bacteria using the previously developed GA-
SVM. This inherently multiplexed label-free system compared favourably in terms of
assay time and detection limit to other methods of bacterial quantification including gPCR
and biosensors based on surface plasmon resonance or electrical impedance
spectroscopy. This system was also capable of determining the make-up of mixed
cultures of bacteria as well, albeit with a decrease in overall performance. We
hypothesized that improvements could be made in future iterations of the device by
including a viability metric based on the SERS spectra in order to achieve a true measure
of the number of colony-forming units in a sample. Finally, methicillin resistant and
susceptible S. aureus were successfully differentiated in synthetic synovial fluid using the
HC-PCF SERS flow cytometer. In these experiments, it was found that a component of
the amide Il band of the Raman spectrum was elevated in the spectra of susceptible
strains, potentially pointing to a difference in how the penicillin binding proteins bind silver

nanoparticles. This biological question remains an area for future investigation.

In Chapter 5, a chemo-susceptibility assay was developed for ovarian cancers based
on tumor derived exosomes. This technique was based on the cysteine functionalized
gold nanoparticles as a SERS substrate. We found that the chemotherapy drug of
interest, cisplatin (CDDP), modulated the stability of these particles resulting in a
concentration dependant aggregation rate. Cysteine capped particles were found to be
much more sensitive to this reaction than citrate, most likely because the former
possesses nucleophilic moieties to which CDDP can bind. As the nanoparticles
aggregated in the presence of tumor derived exosomes, it was also found that the steady

state SERS spectra could be used to quantify these vesicles. Furthermore, using GA-
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SVM it was possible to chemically differentiate exosomes originating from different
histological subtypes of ovarian cancer and chemoresistance profiles. The result was a
three-in-one sensor which could simultaneously acquire information of three biomarkers
for chemoresistance in a single assay: exosome derived CDDP concentration, tumor
derived exosome concentration, and exosome chemical grouping. These three metrics
could be combined as a diagnostic panel to achieve high sensitivity and specificity for

chemoresistance diagnosis.

6.2 Novel SERS nanomaterials

6.2.1 Bio-functional metal nanoparticles:

In the work described in Chapter 4, very simple citrate capped silver nanoparticles
were employed in SERS detection of bacteria. It seems highly unlikely that citrate would
be the best capping agent for the job, and by imparting different bio-functionality we may
improve species/strain discrimination of bacteria. Furthermore, different cell detection
applications could be developed using different types of nanopatrticles that are designed
with a specific purpose in mind. There are many families of possible capping agents
including small molecules, polymers, and peptides. The cysteine capped gold
nanoparticles developed in Chapter 5 would be one example of employing bio-active
small molecules as a capping agent to facilitate SERS detection of biological targets. The
near infinite scope of possible molecules with which to functionalize a colloidal SERS
substrate makes choosing a certain research direction difficult. However, different design
philosophies may help narrow down the possibilities. For example, ongoing thesis work
by another member of our team is considering whether capping agents that have yielded

enhanced bactericidal effects on silver nanoparticles may also improve SERS detection.

Another approach may be to design capping agents using peptides with active motifs
to cause desirable biological interactions. Peptide capped nanoparticles are very
interesting because a high degree of control over the particle’s surface chemistry is
obtained by tuning the amino acid sequence. With a well constrained problem, a
researcher can develop a peptide sequence that provides desirable bio-stability, cellular
uptake, target specific molecules or cells, and modulate the layer of proteins that forms
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around nanopatrticles in complex biofluids [33]. Peptides for nanoparticle functionalization
can fall into one of several families such as stabilizing/bio-inert, cell-penetrating,
antimicrobial, receptor, antigen, and enzyme substrate peptides [186]. When a
nanoparticle enters biological media, the surface chemistry is immediately affected by the
binding of endogenous proteins to the surface, known as the protein corona [33]. In some
cases, this may negate desirable properties or biochemical interactions. To avoid the
formation of this corona, the capping agent should confer a neutral surface charge,
hydrophilicity, and steric hindrance to binding. One common capping molecule that
achieves this is polyethylene glycol (PEG), which is very effective at minimizing biological
interactions [33]. However, for SERS substrates we do not wish to negate bio-functionality

carte-blanche, rather only allow for desired interactions to occur.

Emilio Alarcon’s group from the BeATS lab, has developed a peptide motif of
sequence cysteine-leucine-lysine (CLK) which possesses a high affinity to metal surfaces
[187]. Similar to the single amino acid capping performed in Chapter 5, CLK binds metal
nanoparticles primarily though the thiol containing cysteine residue. Addition of arginine-
serine (RS) to this sequence results in CLKRS which is hydrophilic and biologically stable
much like PEG capped particles [187]. Their group has used CLKRS capped silver
nanoparticles as anti-fouling agents in synthetic corneas [188]. We might employ this
same metal binding motif to attach bio-functional peptide sequences to the particle
surface. For example, there are several cell-penetrating peptides such as poly-arginine
(polyR), TAT peptide, and penetratin which have been previously applied to bio-active
nanomaterials. Hossain et al facilitated binding of TAT and penetratin to gold
nanoparticles by adding a terminal cysteine residue [189]. Their goal was to create a
theranostic SERS system by additionally capping the particles with PEG for stability and
the drug doxorubicin. Their design relied on these cell penetrating peptides to cause the
drug laden particles to enter cancer cells, and then the diffusion of the drug into the cells
could be monitored by SERS. During these experiments, they found that TAT was more
effective at introducing the particles into cells than was penetratin. As another example,
Shi et al used TAT functionalized gold nanostars as a SERS probe to study the
biochemical changes which occur as mesenchymal stem cells differentiate[190]. To my

knowledge there have been no efforts to employ polyR capped nanoparticles in SERS
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thus far, however Tanvir et al showed that polyR/PVP capped silver nanoprisms
possessed powerful bactericidal properties [191]. Due to the fact that most cells are
negatively charged, polyR facilitates cell penetration in part by giving the particles a
positive surface charge. There are also anti-microbial peptides that may be employed in
a SERS sensor for bacteria. For example, Yuan et al developed magnetic nanoparticles
capped with the peptide bacitracin that could isolate bacteria from whole blood [192].
Subsequent mixing of the isolated bacteria with gold/silver graphene oxide nanoparticles
allowed for intrinsic SERS detection down to 10 CFU/mL with 97.3% discrimination
accuracy. Another class of peptides is known as “antigen motif’ sequences, which mimic
natural ligands to target proteins of interest. These have been employed extensively in

other biosensors [186], but have yet to be used in SERS to my knowledge.

The peptide sequence CLK-polyR, could be used to improve bacteria detection of HC-
PCF SERS flow cytometry by facilitating penetration of the SERS substrate into the cells.
For these experiments, gold should be used in place of silver to avoid cellular toxicity
effects. There are many variables involved in synthesizing and using these particles that
would need to be optimized to produce an improved sensor. These variables include the
number of arginine residues in the polyR chain, the ratio of peptide to additional stabilizer
(e.g. PEG-SH, PVP, or CLKRS), and the concentrations of capping molecules, reducing
agent, and gold ions. Additionally, it may be valuable to initially pursue several possible
synthesis routes such as gold nanoparticle formation by citrate, ascorbic acid, sodium
borohydride, or a photo-initiator. The experimental challenge would be best addressed by
employing a partial-factorial experiment design in order to minimize the number of
experiments needed. The interested reader is encouraged to consult the excellent text by
Selvamuthu and Das regarding design of experiments for a foundational understanding
of this approach [193]. In the case of bacteria identification, the desired output we seek
to maximize is the discriminant ability of the classifier. This can be quantified by both the
resultant accuracy, and the kernelized Mahalanobis distance. The latter metric defines
how separated different classes are in the high dimensional feature space. Therefore, if
the distance is high then classes are well separated and thus easily distinguishable, the
opposite being true in the case of a low distance. Following this optimization, the

physiochemical properties of the final colloid should be analysed. Morphology can be
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determined by TEM imaging, the SPR wavelength by UV-Vis spectroscopy, and the zeta

potential by dynamic light scattering.

6.2.2 Core-shell magnetic particles with molecularly imprinted polymers

Molecularly imprinted polymers (MIPs) are synthetic bio-recognition elements that
have been gaining significant attention. Much like antibodies or aptamers, MIPs possess
binding domains with high specificity towards a desired antigen. The binding regions are
cavities that are formed in the polymer during synthesis due to the presence of the target
molecule in the reaction. The template molecules are then removed using solvents to
create empty cavities that are ready to be used as recognition elements. MIPS are quite
inexpensive and relatively easy to fabricate, but they have lower target specificity than
antibodies or aptamers. These materials can take a variety of forms including thin films
of polymer, and polymer microspheres. However, | believe that the form most useful to
our research is core-shell magnetic nanoparticle MIPs (MMIPS). This is because they
allow for enrichment of the target molecule by isolating the MMIPs from solution using a
magnetic field. The result is a significantly concentrated target molecule with which we
can leverage SERS chemometrics to offset the confounding cross-reactivity of MIPs and
specifically quantify the target. Additionally, target molecules can easily be removed from
the MIP binding sites, thus allowing for cleaning and reuse of the SERS substrate which
could significantly reduce the amount of consumables used in a given assay.

In recent years, there have been a number of reports on combining MIPs and SERS
for small molecule sensor development. Ashley et al synthesized MMIPs using the
antibiotic cloxacillin as a template molecule, and then bound these polymers to magnetic
nanopatrticles [29]. These particles were added to porcine serum and incubated to allow
cloxacillin to bind to the MIPs. The particles were then removed from the serum by
magnetic separation, then dispersed in a solution of methanol/acetic acid which caused
cloxacillin to be removed from the MIPs. This solution was then dried onto a SERS
substrate consisting of a nano-pillar array etched into an Si substrate and coated with
gold and the Raman spectrum was acquired. This study is an example of a two-stage
technique, wherein MMIPs are initially employed to isolate the target before it is released

and detected by SERS. There are also examples of MIPs and SERS substrates being
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combined onto a single particle. Hu and Lu created a melamine sensor using a MIP cavity
that contained both a melamine binding site as well as several AQNPs [194]. After removal
of the template molecule, the MIP-AgNPs could capture melamine and provide a strong
SERS signal of the molecule. Zhou et al developed sensor for phenylalanine which
employed silver nanoparticles coated with MIP films [24]. The MIP film on the silver
nanoparticles ensured that phenylalanine molecules were close to the surface of the
particles and thus within the LSPR field. This system achieved recovery rates of greater
than 95% for detecting phenylalanine in serum. It should be noted that all of these
aforementioned applications involve MIPs created for small molecule detection.
Biomacromolecules such as proteins present a challenge to MIP synthesis due to their
relative size [195]. At this time, there have been significant advancements in synthesizing
core-shell magnetic MIPs for biomacromolecules, but there have yet to be any SERS

sensors based on these patrticles to the my knowledge [196].

MMIP based sensors could be employed in our current research in projects where the
detection/quantification of a single target is required. It is likely that intrinsic, label-free,
approaches supported by GA-SVM will continue to yield good results for differentiating
between chemically distinct classes of biological structures. However, this technique may
struggle to quantify a distinct target in a complex matrix. One example application would
be to quantify pGSN in ovarian cancer patients. In Chapter 5, the effects of pGSN
expression on chemoresistance in ovarian cancer cell lines was investigated using the
CDDP/exosome sensor developed in that chapter. However, our collaborators on this
project have also discovered that quantifying pGSN itself could be a biomarker of
chemoresistance [147]. Additionally, their group is also interested in discovering novel
diagnostic modalities for poly-cystic ovarian syndrome (PCOS). This disease occurs in
up to 10% of females but is significantly under-diagnosed. Suffering from untreated PCOS
significantly increases the likelihood of infertility, diabetes, and cancer [197]. Previously,
our former colleague Dr. Momenpour developed a SERS scheme to detect chemerin as

a diagnostic marker for PCOS [111]. Dr. Tsang’s group has also identified neuropeptide
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Y as a potential marker for PCOS that may be used in conjunction, or in place of, chemerin
[198].

A good starting point regarding the synthesis of gold-coated MMIPs is the procedure
developed by Li et al, which can be modified slightly to create additional nanoparticles
after initial MIP fabrication [199]. A tentative synthesis is illustrated in Figure 28. Initially,
iron ions (Fe?* and Fe3*) are reduced by sodium citrate in a water/ammonia mixture to
form magnetic nanoparticles (1). Again using citrate as a reducing agent, gold ions can be
reduced onto the iron surfaces (Il). After magnetically isolating the patrticles, they can be
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Figure 28: Possible MIP synthesis route. (I) Magnetic iron nanoparticles (MNPs) are
synthesized. (II) MNPs are coated with gold. (lll) Gold surfaces are functionalized with
different binding moieties. (IV) Target analyte is introduced and allowed to bind to particles.
(V) Poly-dopamine layer is formed on the particle surface to form the MIP. (VI) Additional
gold nanoparticles are reduced onto the MIP layer. (VII) Target is removed to produce
sensing element.

suspended in an HCI solution. This will dissolve any bare iron particles, while the less
reactive gold will etch much slower. The particles can now by cleaned by magnetically
isolating them and re-suspending in clean DIW several times. Next, active carboxyl and
amine moieties are required at the particle surface in order to bind the target protein. This
can be achieved by adding molecules such as mercaptopropionic acid or cysteamine to
the nanoparticle solution (lll). The target can then be added and allowed to bind to the
particle surfaces (IV). One can then apply dopamine as the basis for the MIP layer, as it

will auto-polymerize on the particle surfaces (V). In order to create a SERS substrate
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capable of resolving intrinsic protein SERS spectra, additional nanoparticles can be
reduced onto the MIP surface (VI). The template protein can then be removed by washing
the particles with a solution of methanol and acetic acid (VII). Optimization of this
synthesis is a multivariate problem concerning the concentrations of iron, gold, sodium
citrate, template protein, dopamine, thiols, as well as the reaction time and temperature.
This can be achieved using an appropriate DOE method, as briefly discussed in the
previous section. To start, R6G can be used instead of proteins to develop a functional
synthesis before concerning oneself with the challenges of making macromolecule MIPs.
By using MMIPs in conjunction with the HC-PCF flow cell, one should be able to
significantly enrich a target protein of interest and assay a large fluid volume in order to
create a sensor with a very low detection limit. This will likely be necessary for detecting
trace protein markers in blood. Additionally, GA-SVR can be applied in order to

compensate for non-linear effects arising from non-specific binding to the MIPs.

6.3 Continued development of machine learning chemometrics

The GA-SVM system developed in Chapter 3 served the work conducted in this thesis
quite well. However, there are several ways in which our spectral processing algorithms
could be improved. While discriminant and regression models were generated via SVM
in this thesis, spectral band assignment and feature visualization was performed using
PLS. This is because the kernel function, while computationally expedient, obscures the
data representation in the feature space. For this reason, it is non-trivial to visualize the
importance of input features to the SVM model. It would be valuable to be able to do the
type of analysis shown in Section 5.3.3 for example using SVM, because this would
ideally consider non-linearly weighted features. Additionally, the removal of unnecessary
features would reduce the final size of the model, making it easier to implement on
integrated logic/microcontrollers in an in-line sensing system. Wrapper methods are one
class of feature extraction algorithms more amenable to non-linear data [200]. Wrapper
methods use a specific machine learning algorithm and learned model to generate feature
weights by iteratively trying all combinations of possible features. There are many
examples of this type of algorithm, including the popular recursive feature elimination

(RFE) method which can used with SVMs to select features from non-linear models [201].
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SVM-RFE has been successfully applied to Raman spectra by Kampe et al where they
showed that RFE could successfully reduce the dimensionality of spectral data without
compromising model accuracy [202]. It is possible that by using RFE weighted spectra,
we may visualize the importance of difference Raman bands in SVM models. This would

result in the ability to perform band assignment analysis using this non-linear method.

SVMs are also supervised learning machines which require operator labelled datasets
to train a given model. There are many cases however where manually labelled spectra
may be difficult or impossible to acquire. For example, consider automated pixel
classicisation in a Raman image, where we may wish to false-colour the picture based on
chemical composition. Applying a supervised approach would require the operator to
manually assign a class to each pixel (ex. collagen, cell nucleus, cell membrane, etc.) to
train a model, which would introduce bias and error if the operator misinterpreted an
image. Instead, it may be valuable to apply an unsupervised approach wherein the data
labels are learned by an automatic clustering algorithm. There are several notable
examples of these methods being used in Raman spectral analysis including work by
Taylor et al who used unsupervised ML methods to discriminate between healthy and
cancerous cells using sub-cellular Raman images [203]. Recently, an algorithm called
unsupervised feature selection extreme machine learning (UFSEML) has been proposed
which combines both clustering and feature selection into a single algorithm [204]. The
results from Chen et al suggest that this method outperforms previously developed

unsupervised methods when applied to standard test data used in ML development [204].

In addition to developing new and improved spectral processing methods, it will
also be valuable to integrate them with existing open-source spectral analysis packages.
This will improve the usability, and the reach of the algorithms we have developed and
foster broad collaborations. One recently developed processing library for MATLAB may

be a good place to start [205].
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6.4 SERS microscopy

O

__SkP-DM

Figure 29: Schematics for basic Raman microscopy setups. (A) Widefield (bright or dark)
microscope with integrated Raman spectrometer. (B) Scanning laser microscope with combined
widefield system

Research conducted in parallel to the projects discussed in this thesis concerned the
development of complimentary SERS microscopy techniques to continue the
development of our existing technologies and support new research directions and
applications. The first simple design was a combined bright/dark field microscope with a
Raman spectrometer in order to perform highly targeted single cell spectroscopy. The
schematic of this setup is shown in Figure 29, wherein the microscope portion consists of
LED illumination with a collector lens (Lc), that is focused by the condenser onto the
sample. The condenser may also be fitted with a darkfield stop as pictured here. For
darkfield microscopy, the numerical aperture of the condenser must be greater than that
of the objective, and as such a water submerged condenser is employed here (NA =
0.85). The image of the sample is collected by an objective lens (NA = 0.65), which passes
through a shortpass dichroic mirror in the microscope’s infinity space before the image is

formed on a Raspberry Pi (RPi) camera via the tube lens (Lt). The RPi runs custom
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Python code that controls the camera, and the images are visualized on an integrated
touchscreen alongside the user interface. The Raman spectrometer is similar to that used
in other work in this thesis, with one notable difference being the notch filter (NF) that
replaces the usual longpass dichroic mirror. This device’s stopband is centred at 808 nm
when the incident wavefront is parallel to the filter. However, the 785 nm laser employed
here is positioned 22° with respect to the filter, thus causing it to efficiently reflect the
excitation wavelength. This microscope is operated with green illumination due to the high
scattering cross-section of gold nanoparticles illuminated at their resonant wavelength.

This facilitates viewing of nanoparticle labelled structures very easily in darkfield.

Data collected from this device will be the subject of a future thesis from our team, so
no further experimental details will be discussed here. Single cell spectroscopy on fixed
specimens compliments the development of the SERS flow cytometry system because it
facilitates facile measurements without needing to be concerned with actively flowing
cells. However, this spectrometer integrated microscope is also very limited, as it can only
acquire spectra from a single spot in the image plane. For applications involving larger
biological structures such as eukaryotic cells or whole tissue, it would be valuable to
construct full SERS images. For example, results from Taylor et al suggest that using
sub-cellular Raman spectra of cells can improve the ability to discriminate between
subtypes [203]. In order to add full SERS microscopy to the current device, the most
straightforward route would be to construct a standard confocal scanning system. This
involves the addition of a galvo-scanning mirror assembly and a pair of scan lenses to the
system, as well as timing control over the mirrors and the spectrometer. These changes
are illustrated in Figure 29B, wherein the microscope portion is built perpendicular to the
optical bench, thus all optics from the objective to the LED should be visualized as coming

out of the page.

While the ability to acquire SERS images using a confocal scanning system would be
valuable for a number of research avenues, the system itself is far from novel. The use
of confocal Raman microscopy is well established in academic practice. A more
interesting approach, which should also yield superior resolution and faster imaging

times, is to instead implement a structured illumination microscopy (SIM) system. This
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approach is a widefield technique, which means that the image of the entire sample area
is acquired at once rather than by scanning a laser beam waist and constructing the image
pixel by pixel. The result is that image acquisition times can be significantly reduced using
this technique. Widefield acquisition of Raman spectral images means that using a
conventional spectrometer is no longer feasible. Rather than spatially separating spectral
components using a grating, individual frequencies are imaged one at a time using
tunable optical filters. Thus, in the case of widefield Raman hyperspectral imaging, spatial
images are generated in a single acquisition while spectral data is acquired serially,

whereas the opposite is true for confocal scanning Raman microscopy.

Widefield Raman images could be captured by illuminating the sample with a flat
intensity distribution laser beam and then collecting Raman scattered photons. However,
in this approach the resolution of the microscope is diffraction limited, and the axial
sectioning capabilities of confocal scanning are lost, meaning that out-of-focus scattered
light will blur the image. This is where structured illumination enters the picture. Rather
than using an isotropic light distribution, samples are illuminated with a coherent harmonic
pattern resulting in low frequency Moiré fringes from the high spatial frequency
components of the image [206,207]. By capturing at least one image per spatial frequency
component of the illumination pattern at different phases, it is possible to mathematically
reconstruct the high spatial frequencies of the sample from the Moiré fringes, resulting in
up to a two-fold increase in spatial resolution. In these systems, axial resolution is
achieved by fixing the illumination pattern with respect to the focal plane of the objective
[208]. To generate these structured illumination patterns, a spatial light modulator (SLM)
[209], digital micro-mirror device (DMD) [210,211], or phase grating [208] can be
employed. There have been several realizations of Raman SIM in recent years such as
the device developed by Chen et al. which used an SLM and a set of three notch filters
to acquire Raman SIM images of labelled nanoparticles [212]. Wang et al designed a
Raman SIM system using a DMD to generate the spatial patterns, along with tunable long
and shortpass filters which were used in tandem to create an effective narrow bandpass
filter [213]. This microscope achieved a spectral resolution of 50 cm™ and a spatial

resolution of 80 nm.
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To illustrate the potential impact of developing a Raman SIM system for our research,
consider the Basler acA2000-165umNIR camera we have in the lab which has a
resolution of two megapixels. Also consider our ongoing research regarding SERS
analysis of tissue, wherein the integration time required to get a spectrum with good SNR
is one minute. In this case, to get a single Raman image using a scanning confocal system
with equivalent resolution to the Basler camera would take around four years. This is
probably impractical, and clinicians and patients alike would likely be opposed to multi-
year diagnostic turn-around times. Instead let us imagine a Raman SIM system which
uses conventional 3-beam illumination, resulting in five independent spatial frequency
components. If the system had a spectral resolution of 1 cm™ over the full fingerprint
region (~100 — 1800 cm), the acquisition of a single image would require a few days to
complete assuming a similar integration time. This could be further reduced to a clinically
reasonable time by selecting a smaller subset of Raman bands to image, optimizing the

SERS substrate, and/or employing immuno-SERS techniques [214].
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Appendix: tentative band assignhment for

OVCA cell derived exosomes.
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Figure 30: PLS loading vectors and difference spectra (EM — HGS) describing the difference
between the two subtypes of OVCA explored in these experiments; high-grade serous and
endometrioid.

Table 10: List of important Raman bands, ranked by weight in the first loading vector,
differentiating EM and HGS spectra.

Weight Weight
(Loading (Loading Assignment[159,162—

1) 2) 165] Association
C-N, amides, HGS
1050 2.20492 1.63829 Phenylalanine, DNA,
adenine
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Figure 31: PLS loading vectors and difference spectra (susceptible — resistant) describing the
spectral difference between chemoresistant and susceptible OVCA cell derived exosomes from
endometrioid cells.

Table 11: List of important Raman bands, ranked by weight in the first loading vector,
differentiating the spectra of exosomes derived from susceptible and resistant endometrioid cell.

Raman Weight Weight

Band (cm'l) (Loading 1) (Loading 2) Assignment[159,162-165] Association
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1050

980

1306

1360

855

1505

1180

915

769

1380-1430

1640

1150

667

1440

717

1.86806

1.32967

1.28283

1.05474

0.83996

0.83445

0.63061

0.60365

0.5845

0.52507

0.48381

0.47865

0.39906

0.36498

0.30804

1.04141

0.72638

0.78228

0.14248

0.51337

0.36998

0.49317

0.90992

0.25187

0.8325

0.1999

0.22168

0.30909

0.10627

0.21368

C-N stretch, amides,

Phenylalanine, DNA, Susceptible
adenine
Ribose Susceptible

C-N, N-H, adenine, DNA  Resistant
Adenine ring Resistant
Tyrosine, Cytosine, Uracil  Susceptible
Amide I, Tryptophan Resistant
C-O stretch, amides, protein Susceptible
C-COO- stretch Resistant
Tryptophan ring breathing Resistant
CH3 Susceptible
Amide | Marginal

C-N stretch, amides, DNA, .
_ Susceptible
adenine

Nucleic Acids, C-S stretch .
) Resistant
(Cysteine)

C-H (Lipids), CH2
deformation, lipids, proteins, Resistant
carbohydrates

C-S (Cysteine), Tryptophan Resistant
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1010 0.26576  0.09697 Phenylalanine Marginal

879 0.21535 0.2188 C-C, hydroxyproline Resistant
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Figure 32: PLS loading vectors and difference spectra (susceptible — resistant) describing the
spectral difference between chemoresistant and susceptible OVCA cell derived exosomes from
high-grade serous cells.

Table 12: List of important Raman bands, ranked by weight in the first loading vector,
differentiating the spectra of exosomes derived from susceptible and resistant high-grade serous
cell.

Raman

Band (cm-Weight Weight

D) (Loading 1) (Loading 2) Assignment[159,162—-165] Association
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C-N stretch, amides,

1050 1.4024 0.55746 Phenylalanine, DNA, Susceptible
adenine

915 1.12595 0.38486 C-C, hydroxyproline Resistant

980 1.06625 0.55322 Ribose Susceptible

1306 0.8911 0.0761 C-N, N-H, adenine, DNA Resistant

717 0.70375 0.09651 C-S (Cysteine), Tryptophan Resistant
C-H (Lipids), CH2

1440 0.65863 0.02139 deformation, lipids, proteins, Resistant
carbohydrates

1278 0.58409 0.11345 Amide IlI Sensitive

915 0.55399 0.76051 C-COO- stretch Resistant

1380- :

0.53322  0.04567 CH3 Susceptible

1430

855 0.50686 0.21049 Tyrosine, Cytosine, Uracil  Resistant

1010 0.44396 0.093 Phenylalanine Sensitive

1130 0.38077 0.12111 C-N, Proline Resistant

Nucleic Acids, C-S stretch

667 0.36853 0.33216 _ Marginal
(Cysteine)

1360 0.32706  0.05791 Adenine ring Resistant

1464 0.21804 O C-H (Lipids) Resistant
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1480 0.21488 0.06308 Histidine Susceptible

1640 0.2129 0 Amide | Marginal
739 0.17236  0.63645 C-S (Cysteine), Tryptophan Susceptible
1505 0.14185 0.05319 Amide I, Tryptophan Resistant
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