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Abstract

Bacteria identification plays an essential role in preventing health complications and saving
patients’ lives. The most widely used method to identify bacteria, the bacterial cultural
method, suffers from long processing times. Hence, an effective, rapid, and non-invasive
method is needed as an alternative. Raman spectroscopy is a potential candidate for
bacteria identification due to its effective and rapid results and the fact that, similar to the
uniqueness of a human fingerprint, the Raman spectrum is unique for every material.

In my lab at the University of Ottawa, we focus on the use of Raman scattering for
biosensing in order to achieve high identification accuracy for different types of bacteria.
Based on the unique Raman fingerprint for each bacteria type, different types of bacteria
can be identified successfully. However, using the Raman spectrum to identify bacteria
poses a few challenges. First, the Raman signal is a weak signal, and so enhancement of
the signal intensity is essential, e.g., by using surface-enhanced Raman scattering (SERS).
Moreover, the Raman signal can be contaminated by different noise sources. Also, the signal
consists of a large number of features, and is non-linear due to the correlation between the
Raman features. Using machine learning (ML) along with SERS, we can overcome such
challenges in the identification process and achieve high accuracy for the system identifying
bacteria.

In this thesis, I present a method to improve the identification of different bacteria
types using a support vector machine (SVM) ML algorithm based on SERS. T also present
dimension reduction techniques to reduce the complexity and processing time while main-
taining high identification accuracy in the classification process. I consider four bacteria
types: Escherichia coli (EC), Cutibacterium acnes (CA, it was formerly known as Propi-
onibacterium acnes), methicillin-resistant Staphylococcus aureus (MRSA), and methicillin-
sensitive Staphylococcus aureus (MSSA). Both the MRSA and MSSA are combined in a

single class named MS in the classification. We are focusing on using these types of bacteria
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as they are the most common types in the joint infection disease.

Using binary classification, I present the simulation results for three binary models: EC
vs CA, EC vs MS, and MS vs CA. Using the full data set, binary classification achieved a
classification accuracy of more than 95% for the three models. When the samples data set
was reduced, to decrease the complexity based on the samples’ signal-to-noise ratio (SNR),
a classification accuracy of more than 95% for the three models was achieved using less
than 60% of the original data set. The recursive feature elimination (RFE) algorithm was
then used to reduce the complexity in the feature dimension. Given that a small number of
features were more heavily weighted than the rest of the features, the number of features
used in the classification could be significantly reduced while maintaining high classification
accuracy.

I also present the classification accuracy of using the multiclass one-versus-all (OVA)
method, i.e., EC vs all, MS vs all, and CA vs all. Using the complete data set, the OVA
method achieved classification accuracy of more than 90%. Similar to the binary classifica-
tion, the dimension reduction was applied to the input samples. Using the SNR reduction,
the input samples were reduced by more than 60% while maintaining classification accu-
racy higher than 80%. Furthermore, when the RFE algorithm was used to reduce the
complexity on the features, and only the 5% top-weighted features of the full data set were
used, a classification accuracy of more than 90% was achieved. Finally, by combining both
reduction dimensions, the classification accuracy for the reduced data set was above 92%
for a significantly reduced data set.

Both the dimension reduction and the improvement in the classification accuracy be-
tween different types of bacteria using the ML algorithm and SERS could have a significant
impact in fulfilling the demand for accurate, fast, and non-destructive identification of bac-
teria samples in the medical field, in turn potentially reducing health complications and

saving patient lives.
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Chapter 1

Introduction

1.1 Motivation

Biosensors are sensors used for detecting a biological component and converting it into
a measurable signal, e.g., electrical or optical signals. In the 1960s, Clark and Lyons
pioneered the work of biosensors, using the first biosensor for oxygen detection [1]. The
use of biosensors has since expanded to include applications such as biomedical diagnosis,
food control, environmental monitoring, and drug discovery [2].

Raman spectroscopy has gained significant attention and is widely used in many differ-
ent fields due to its effective and rapid results. In addition, it provides a unique spectrum
for every material, similar to the uniqueness of a human fingerprint. This unique spectrum
contains detailed information about the material’s structure, chemical components, and
molecular interactions. As a result, Raman spectroscopy is used in the fields and appli-
cations where a non-destructive image, chemical decomposition, and analysis are needed
either for classification/regression purposes or quantitative/qualitative analysis. For exam-
ple, Raman spectroscopy is used in the following fields: raw material verification [3-5], in
vivo analysis and skin depth profiling [6-8], and doping effects [9-11].

Recently, Raman scattering for biosensing has been widely studied for medical appli-



cations since it is a non-destructive and non-invasive method. For example, the growing
number of diabetic patients poses a significant problem in the medical field. Typically,
blood glucose needs to be checked a few times per day. The current method, based on
taking a blood sample and analyzing it, is not convenient. Significant progress has been
made in developing in vivo glucose sensors based on enhanced Raman scattering, enabling
low concentrations of blood to be measured consistently [12]. Such results are paving the
way for Raman-based sensors for diabetic patients.

Bacteria are microorganisms that are everywhere around us. Some are good and vital
for human existence. But others are harmful and can cause dangerous infectious diseases
for humans and animals. As the number and types of harmful bacteria increase, it is crucial
to be able to rapidly identify the bacteria type so the correct antibiotic can be used to treat
a bacterial infection.

In this thesis, I focus on using Raman spectrum to identify different types of bacteria.
This technique overcomes the processing time disadvantage of bacterial cultural methods.
Indeed, using Raman spectrum provides nearly instantaneous results, compared with the
days needed when using the bacterial culture method [13]. Such savings in the processing-
time can result in the reduction of health complications for patients.

Using Raman spectroscopy to identify bacteria does pose a few challenges. First, the
Raman scattered signal is typically a very weak signal. Hence, the feasibility of different
applications depends on significant enhancement of the Raman spectrum. Different mech-
anisms can be used for the enhancement, such as the surface-enhanced Raman scattering
(SERS) mechanism, which provides a significant gain to the scattered signal that is pro-
portional to the fourth power of the input field. Details on the enhancement mechanism
are discussed in Chapter 2.

Also, the Raman spectrum is typically captured for different bacteria types to enable
multiplexing. Moreover, the Raman spectra are typically non-linear due to the correlation

between the Raman peaks and least squares (LS) techniques used for regression may fail



for such problem or result in an overfitted solution. Furthermore, many samples are cap-
tured with a large number of wavenumbers or dimensions, which adds to the complexity
of the classification process of different bacteria types. Hence, advanced multi-variate sig-
nal analysis algorithms are needed for the classification process. Partial least squares or
projection to latent structures (PLS) technique is one of the most popular multi-variate
techniques used for Raman spectroscopy; it reduces the dimensions of the Raman spectra
by projecting the wavenumbers into a smaller subset of predictors. While the PLS is a
powerful technique for regression models, it may fail in the presence of the non-linearities
of the Raman spectrum and not achieve an acceptable identification accuracy for different
bacteria types.

Machine learning (ML) algorithms based on kernel methods have been proposed for the
identification of the non-linear data. In the kernel methods, the non-linear data is mapped
from the non-linear space into a higher dimensional space where the data can be linearly
separated. Among different ML algorithms, the support vector machine (SVM) algorithm
has been widely studied in the analysis of Raman spectra in the biological field as it is
known for its robustness in the prediction process. For example, it has been used in breast
cancer diagnosis and the monitoring of blood glucose levels [14,15]. While the SVM ML
algorithm is a robust algorithm, it suffers from high complexity for large data set sizes.

In this thesis, I use the SVM ML algorithm for the multivariate analysis of the Raman
spectra for different bacteria types. In my research group at the University of Ottawa, we
are working on two main ways to improve classification accuracy in identifying bacteria us-
ing SERS: first, by using SVMs and pre-processing using the adaptive iteratively reweighted
penalized least square (airPLS) algorithm; second, by reducing the system complexity and
the processing time of the ML algorithm by performing dimension reduction on the data
set. The dimension reduction is performed on the samples via quantitative analysis, and
on the features using the recursive feature elimination (RFE) technique, as explained in

more detail in the following chapters.



1.2 Organization of the thesis

The rest of this thesis is organized as follows.

In Chapter 2, [ introduce the basics of Raman scattering and mention a few applications.
Then, I explain the enhancement of the Raman scattering. Biosensors are also briefly
discussed.

Chapter 3 details the main steps performed in the identification process of different types
of bacteria. First, I explain the SVM algorithm used for the bacteria classification. Also,
the data pre-processing steps are explained, including normalization, baseline correction,
and blank subtraction. In addition, I discuss binary and multiclass classification processes.
Finally, I explain dimension reduction techniques for both the sample size and feature (or,
wavenumber dimensions).

In Chapter 4, I present the classification results for binary classification and multiclass
classification for four bacteria types: Escherichia coli (EC), Cutibacterium acnes (CA, it
was formerly known as Propionibacteri acnes), methicillin-resistant Staphylococcus aureus
(MRSA), and methicillin-sensitive Staphylococcus aureus (MSSA). Also, I present the clas-
sification accuracy after applying dimension reduction techniques on the processed samples.

Finally, Chapter 5 concludes the thesis by summarizing the key contributions made and

lists some of the potential improvements and future research work.

1.3 Original contributions

The original contributions of this thesis are summarized as follows:

e Using binary classification, I present the simulation results for three binary models:
EC vs CA, EC vs MS, and MS vs CA. Using the full data set, a classification accuracy
of more than 95% was achieved for all three models. Then, results based on complexity
reduction in both the sample and feature dimensions are presented. First, using less

than 60% of the original data set sample size, classification accuracy was maintained



at more than 95% for all three models. Then, the feature reduction was applied to
calculate the feature weights and reduce the complexity in the feature dimension.
A small number of features were heavily weighted compared with the rest of the
features. As a result, the number of features used in the classification could be
significantly reduced, to 10 features, for the classification. Using both reduction
dimensions, classification accuracy was 96.35% for the EC vs CA model, 91.85% for
the EC vs MS model, and 97.67% for the MS vs CA model. Moreover, the full data set
and the reduced data set needed approximately 120 mins and 2.6 mins, respectively,
to train and process 100 iterations. This corresponds to more than 98% reduction in
the processing time. Similarly, we achieve more than 98% reduction in the memory

requirements.

Furthermore, I present the classification accuracy using multiclass classification. Us-
ing the complete data set, the classification accuracy was more than 90%. By applying
sample reduction, the input samples could be reduced by more than 60% and main-
tain a classification accuracy higher than 80%. By applying the reduction on the
feature dimension to reduce the complexity on the features and using only the 5%
top-weighted features, a classification accuracy of more than 92% could be achieved.
Finally, by combining both the reduction dimensions and the classification accuracy
for the reduced data set, the classification accuracy was more than 90% for a sig-
nificantly smaller data set. Moreover, we achieve more than 98% reduction in the
processing time and memory requirements using the reduced data set compared to

the full data set for the multiclass cass.



Chapter 2

Introduction to Raman spectroscopy

2.1 Overview

In the previous chapter, I discussed the importance of Raman spectroscopy in the biological
field, where it can be used to focus on the insight of the bacteria cell structure [16, 17].
In this way, Raman spectroscopy can be used to classify and identify different types of
bacteria based on the fact that every bacteria has its unique Raman fingerprint. In this
chapter, I review the basics of the Raman scattering and the enhancement of the Raman
signal.

The rest of this chapter is organized as follows. In Section 2.2, light scattering and
more specifically Raman scattering is discussed. Then, enhancement of Raman scattering

is explained in Section 2.3. Finally, biosensors are briefly discussed in Section 2.4.

2.2 Raman scattering

Raman spectroscopy is based on light scattering upon falling on a medium. When a photon
hits a molecule, the light scatters in two possible ways as shown in Figure 2.1. The first
type of scattering is elastic scattering, e.g., Rayleigh scattering, where the energy of the

scattered photon equals the energy of the incident photon. The energy has a direct relation
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Figure 2.1: Rayleigh scattering, Stokes Raman scattering and anti-Stokes Raman scattering [18]

with the light’s frequency given by the following equation:

E = hw (2.1)

where E is the light’s energy, h is plank’s constant, and w is the light’s frequency. As a
result, we can say that the scattered photons have the same frequency as the incident ones.

Inelastic scattering occurs when the energy of the scattered photons differs from the
incident ones. The scattered light can have lower energy as the material’s molecules absorb
an amount of the incident energy and result in forming Stokes components. The scattering
can also result in higher energy, where the material’s molecules lose some energy, and result
in forming anti-Stokes components. In other words, the scattered light can have either lower
or higher frequency from the incident light due to the inelastic scattering. Raman scattering
is an inelastic scattering first discovered by the Indian physicist C.V. Raman in 1928 and

named after him.



Raman spectroscopy is an application based on Raman scattering for an incident fre-
quency of v,. The Raman scattered photons from the vibrating molecules form the Raman
spectrum consisting of Stokes and anti-Stokes shifts with absolute frequency of v, + v,.
Under typical conditions, most of the molecules are in the ground state, and hence the
Stokes signal is stronger than the anti-Stokes signal. So, the Raman spectroscopy is based
on the Stokes waves. The captured Raman spectra are usually plotted versus the shifts
instead of the absolute frequencies which are called wavenumbers or features having units

of em™.

= N w B (63}
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Figure 2.2: Processed Raman spectrum of the E. coli bacteria

Figure 2.2 shows an example of the Raman spectrum, after processing, for the E. coli
sample where the y-axis represents the intensity of the spectrum in arbitrary units (AU) and
the wavenumbers on the x-axis in cm™. The spectrum is distributed over a large number
of wavenumbers/features. Each wavenumber represents the wavelength position of the
scattered Raman photons that is characteristic of a certain molecular bond in the molecule

[19]. Hence, it contains important information about the chemical contents, chemical bonds



and structure of the molecules, such as protein, lipids, acids, etc. [20,21]. As a result, the
resulting spectrum will have information that can be used to classify different types of
bacteria. The Raman spectrum consists of a large number of features where for biological
samples approximately 90% of the peaks are found in the “fingerprint” spectral region,
which covers the wavenumbers in the range of 250 cm™ to ~1800 cm™ [22]. Based on
our experimental setup, this corresponds to 885 features; such a large number of features
affects the training time and complexity of the ML algorithm, which will be addressed in
the next chapter.

The intensity of the Stokes Raman scattering signal is proportional to the following [23]:

1. Intensity of the incident light at frequency v,.
2. Number of scattering molecules.
3. Frequency term of the form (v, — vy, )%

4. State of polarization of the incident signal.

Hence, we should use a high-intensity and high-frequency laser source and a large sample
size to achieve a high-intensity scattered signal. However, using a high-intensity laser
source is not possible for Raman spectroscopy, since it can damage the sample under
test. Moreover, using a high-frequency or short wavelength depends on the absorption
frequency band for the sample. In our results, a laser with wavelength of 785 nm is used
in the experimental setup. Also, using a very large sample size will render the system
unpractical. Furthermore, the Raman scattering is 2-3 orders of magnitude lower than
the Rayleigh scattering. As a result, the resultant Raman spectrum is a very weak signal,
which has severely limited its usage for many applications in the past.

Several techniques have been proposed to enhance the Raman signal [24-26]. The
highest amplification of the Raman signal comes from SERS, in which single molecules
can be detected due to the large enhancement. In our work, the SERS method is used to

enhance the spectrum collected from the bacteria, as discussed further in the next section.
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2.3 Surface-enhanced Raman scattering (SERS)

In 1974, SERS was first observed in the Raman spectra of pyridine on roughened silver
electrode [12]. However, it was not recognized whether such high intensity of the Raman
signals was enhanced or due to a new phenomenon. It was believed to be attributed to
the increased surface of the silver electrode. In 1977, two groups independently confirmed
that the concentration of scattering species could not account for the enhanced signal;
these findings led to the discovery of SERS. Each group proposed a mechanism for the
observed enhancement: Jeanmaire and Van Duyne proposed an electromagnetic effect,
while Albrecht and Creighton proposed a chemical theory [27]. The electromagnetic theory
is based on the excitation of localized surface plasmons, and the chemical theory is based
on the formation of charge-transfer complexes.

After years of debate about the exact mechanism of the enhancement effect of SERS
in the literature, it is now accepted that the dominant mechanism for the enhancement is
the electromagnetic mechanism. This is attributed to the theoretical enhancement factor
of approximately 10'' and 102 for the electromagnetic mechanism and chemical theory,
respectively. Hence, we will focus on the explanation of the electromagnetic mechanism in
more detail.

Figure 2.3 illustrates a basic example for SERS where the incident light strikes a sample
and metal particles attached to the surface. When an electric field is incident on metal
particles, multipoles with different orders are induced. When the particles have a diameter
that is much smaller than the wavelength of the incident field, e.g., gold nanoparticles, only
the simple dipolar plasmon contribution is considered.

When an incident field E; strikes the surface of the sphere, the induced field E; at the
surface of the sphere is given by [28]:

HEZ,, (2.2)
€1 + 269
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Incident light Scattered signal

Bacteria
7

Gold Nanoparticles molecules

Figure 2.3: Basic example for SERS

where €; and ey are the complex frequency-dependent permittivity of the metal and the
relative permittivity of the ambient phase, respectively. At a certain frequency, we can find
the resonance condition where ¢, = —2¢,. Hence, the induced field by the metal particle

can be represented as:

As a result, the sample molecule adsorbed at the surface of the metal nanoparticle will
be excited by E;. So, the Raman scattered light E, produced by the molecule will be
proportional to Ej;. It should be noted that the field is enhanced twice where the Raman
scattered light is also enhanced by the metal nanoparticles due to the same mechanism

that excited the incident light. Therefore, the enhanced scattered light is given by:
Esprs < g'Eq, (2.4)

where ¢’ represents the gain for the Raman shifted signal where it is not generally the same

value as g. Then, the total SERS scattered signal will be given by:

Esprs x 99'E;, (2.5)
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When the frequency shift of the Raman signal is relatively small, g can be approximated
to be equal to ¢’. Also, the intensity is proportional to the square of the absolute value of

the field. Hence, the intensity of the SERS signal is given by:

Isprs  |g|'I;, (2.6)

where [; is the intensity of the input field. From that, we can understand the significant
increase in the intensity where a small input field will be enhanced by a factor of |g|*. The

following factors need to be taken into account in SERS:

e The choice of metal surface is governed by the plasmon resonance frequency. For
the visible and near-infrared radiation, silver and gold are typically used since their
plasmon resonance frequencies are within these frequency bands. Although copper

has also been used as a metal surface, it is reactive and more difficult to handle.

e The size of the metal surface affects the enhancement. If the size of the metal surface
is comparable to the incident wavelength, multipoles will be excited which are non-
radiative, and the overall enhancement will be degraded. Hence, the upper bound on
the size of the metal is based on the incident wavelength. Also, if the metal particle is
too small and comparable to the size of the molecule, the conductance will be reduced
and radiation will also be degraded. Typically, the optimum size of the nanoparticles

is in the range of 10 nm to 100 nm.

e The polarization of the incident field with respect of the metal particle greatly affects
the enhancement. As shown in Figure 2.4, when the incident field is polarized along
the inter-particle axis of a metal particle, huge enhancement can occur in the gap

between the particles. This effect doesn’t occur if the polarization is orthogonal.

Finally, two principal configurations are used for SERS: intrinsic SERS and extrinsic

SERS. Figure 2.5 illustrates the difference between both configurations [29].
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\/

Figure 2.4: Illustration of the polarization orientation of the incident field on the metal nanoparticles.

In intrinsic SERS, the analyte is directly applied to the nanoparticles. Thus, the mea-
sured Raman spectrum can be directly used to identify the sample. On the other hand,
extrinsic SERS can be used when intrinsic SERS is susceptible to failure. In extrinsic
SERS, a Raman reporter molecule is used to generate a signal for detection. For example,
a Raman reporter molecule is immobilized between the nanoparticle and an outer shell.
Then, the virus specimens are detected using a sandwich structure. In our work, the mea-

surements are based on an intrinsic SERS configuration.
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(b) Extrinsic SERS

Figure 2.5: Principal configurations of SERS [29].

2.4 Biosensors

SERS has been used in applications and fields such as biosensors, chemical detection, and
single molecules SERS. My focus in this thesis is on the biosensor application of SERS for
bacteria identification.

A biosensor is a sensor used for detecting a biological component and converting it into
a measurable signal such as electrical or optical signals. Biosensor applications include
biomedical diagnosis, food control, environmental monitoring, and drug discovery [2]. Cur-

rently, SERS-based biosensors have been proposed for the detection of various biological
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samples and diseases such as Alzheimer’s disease [30,31], cancers [32,33], and Parkinson’s

disease [34,35]. A typical biosensor consists of the following stages [1]:

1. Bioreceptor: The bioreceptor role is to interact with the analyte under test and
convert the interaction to a measurable signal for the transduce, e.g., enzymes, cells,

deoxyribonucleic acid (DNA) and antibodies. This process is called bio-recognition.

2. Transducer: The transducer is needed to convert the bio-recognition event into a
measurable signal, e.g., piezo-electric effect and optical effects. In our work, SERS

based on gold nanoparticles is part of the transducer.

3. Electronics: Electronics are needed to process the converted signal and prepare it for

display, e.g., using a Raspberry Pi.
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Chapter 3

Machine learning for bacteria

identification

3.1 Overview

In the previous chapter, Raman spectroscopy and its importance in the medical field,
specifically as a biosensor, were discussed. In this chapter, I explain the ML algorithm
used in the process to differentiate between different types of classes, e.g., bacteria types.
The ML algorithm is needed to overcome the challenges associated with the processing
of the captured Raman spectra where the signal is contaminated by noise and has high
dimensionality. More importantly, the Raman features are correlated, i.e., non- linear, and
so least square (LS) techniques can fail to provide a solution or can be overfitted. Hence,
using ML enables rapid and accurate identification accuracy.

This chapter also discusses the classification process steps in detail. This classification
process consists of several steps, starting with capturing the Raman spectrum and ending
with the classification stage as shown in Figure 3.1. The spectrum capturing stage is dis-
cussed in Chapter 4 because it is specific to bacteria identification and not generic to any

type of classes. The classification process is based on the SVM ML algorithm based on
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Figure 3.1: Main steps for the classification process.

the training using the input Raman spectra or data set. However, it should be noted that
the raw data set is corrupted with different noise sources, which necessitates adding the
data pre-processing stage to overcome the noise effects on the efficacy of the classification.
Moreover, the data set is typically large, given the large number of samples and wavenum-
bers. As a result, the complexity of the classification process can be significantly increased.
Hence, dimension reduction techniques are used to reduce the size or dimensions of the
input data set without affecting the accuracy of the system while achieving a significant
reduction in the complexity of the system.

The rest of this chapter is organized as follows. Section 3.2 explains the SVM ML
algorithm. In Section 3.3, the data pre-processing steps are explained. In Section 3.4,
different classification types are explained. Finally, dimension reduction techniques are

explained in Section 3.5.
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3.2 Machine learning algorithm

Machine learning can be seen as that part of artificial intelligence that aims to emulate the
behaviour of human learning or human intelligence. ML algorithms are trained on sample
data and then use the trained data pattern to make a future prediction or a decision
and improve through experience. In the last decade, different ML algorithms have been
proposed in the literature that can be used in applications such as disease diagnostics
[36,37], speech recognition [38,39], image recognition [40,41], traffic prediction [42,43], and
optical network planning [44,45].

ML algorithms differ from each other based on whether the data used is linear or
nonlinear, i.e., where the data can be separated using a linear boundary or a non-linear
boundary. Figure 3.2 illustrates the difference between a linear boundary and a non-linear

boundary for two input classes.

Linear boundary Non linear boundary

Figure 3.2: Difference between linear boundary and non-linear boundary for binary classes.

ML algorithms can also be classified depending on whether they are supervised or not.
In a supervised algorithm, each input or observation in the data set has a corresponding
output or label that is used in the training of the ML algorithm, e.g., a decision tree
algorithm [46], and neural networks [47]. In an unsupervised algorithm, the labels are not

used in the training of the ML algorithm, e.g., principal component analysis (PCA) [48],
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K-Means clustering [47]. Furthermore, ML algorithms can be divided depending on the
nature of the desired output of the algorithm. In a classification algorithm, the classification
process predicts a discrete output; in a regression algorithm, the regression process predicts
a continuous one [47,49, 50].

In this thesis, I use the SVM ML algorithm for the classification results. SVMs have
been proposed by Vladimir N. Vapnik as a supervised learning model to analyze data
as a linear classifier [51], with a modification that an SVM can be used as a non-linear
classifier [52]. SVMs have been applied to applications such as handwritten digit and text
recognition [51,53], classification of images [54,55], and classification of satellite data [56,57].

3.2.1 Support vector learning as a linear classifier

An SVM is a supervised ML algorithm where the output y of each observation x is known.
This knowledge is used in the training process of the algorithm where the boundary function

is designed to clearly separate classes.

Class 1, label= +1

Class 2, label= -1

Figure 3.3: An example of a binary classification model.

Assume that we have a data set for two different classes, e.g., bacteria types, that are
linearly separable and arranged in a matrix X,,«,,, where n is the number of observations
or samples and m is the number of features. Each observation x is assigned to a label or

output y where y € [-1,+1] as shown in Figure 3.3. This data set is then divided into two
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sets: a training and a testing set, each with a selected percentage, e.g., 60% and 40%. It
should be noted that the training set should contain more samples than the testing set, so
the MLA model will be well trained and achieve accurate results.

As there are multiple possibilities for the linear boundary or the decision function be-
tween the two classes, it is important to find the optimum decision function. The decision

function can be expressed as follows [58, 59]:

flz) =w.ax+0, (3.1)

w and b are the weight vector and the offset of the boundary, respectively. Figure 3.4 shows

Support
vectors

Margin

Support
vectors

Figure 3.4: Example of a binary model showing the linear hyperplane and the margin between the two
classes [60,61].

the boundary margin for two classes. The optimum boundary should achieve the maximum
margin and minimum risk or loss between the two classes. The loss can be simply defined

as the difference between the actual and the predicted output of a certain input x;. It can
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be expressed as follows:

L= Z maz]0,1 — y; f(z;)] (3.2)

For example, if the predicted label for an observation z is correct for binary classification,
the empirical loss will be equal to zero since both of f(z;) and y; will have the same sign.
If the observation is not correct, the loss will be greater than zero.

Using the margin’s equations of both classes as shown in Figure 3.4 [61]:

(

wxr +b>41 forclass 1,y = +1

f@)=Swz+b=0 at decision boundary (3.3)

wr+b< —1 forclass 2,y = —1
\

By subtracting both equations for the two classes, we can have a simple expression for the
maximum margin as ﬁ Hence, the weight vector must be minimized, which is obtained
by the Lagrange multipliers or the support vectors « based on the dual form, which is

expressed by the following equation [58, 62]:
w = i QYT (3.4)
i=1
By using Eq. (3.4) into Eq. (3.1), the final form of the decision function is [58]:
f(z) = Zm: a;yi(x;.x) + b (3.5)
i=1
where x;.x refers to the dot product between x and x;.

3.2.2 Support vector machine as a non-linear classifier

The Raman spectrum consists of correlated features, so they cannot be separated linearly.

In order to use the SVM as a non-linear classifier, the samples need to transferred to a higher
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dimensional space called the feature space where they can be linearly separated [63-66].
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Figure 3.5: Illustration of transforming the data from the input space to the feature space using mapping
function

Figure 3.5 illustrate the mapping of the non-linear data to the new space where a
mapping function @ is applied to the input spectrum. As a result, the decision function in

Eq. (3.5) will be adjusted to the following form:

Fla) = 3 augi(@(a).0(a) +b (3.6)

However, this method has a high complexity even for only two classes as the mapping
function ® is a non-linear function. Also, it should be noted that the Raman spectrum
has high dimensionality in the input space. Hence, it is complex to transform it into the
feature space using the mapping function. As a result, another method is used based on
using a kernel function called the kernel trick [52,58,67]. This process calculates the dot
product in the feature space between different observations in the data matrix set [66,68].

Several types of kernels have been proposed in the literature, such as linear, polyno-
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mial kernel, radial basis function (RBF), and Gaussian kernel, etc. [69-71]. The rational
quadratic kernel (RQK) is the kernel used in the design of the ML algorithm used in our

results. It can be expressed using the following equation [72]:
)2
knor = o2(1 + & =)y (3.7)

where z is the collected Raman spectrum, o2, 3, | represent the kernel hyper-parameters.

Therefore, the decision function can be written as:
fx;) = Z oy K (z, ;) + b, (3.8)
i=1

where m is the number of features, a and b are the optimized parameters from the SVM
training function, and K is the kernel matrix.

The training process of the SVM algorithm is divided into two stages:
1. Finding the optimum values of the kernel hyper-parameters.

2. Finding the best hyperplane that separates between the two classes achieving the

maximum margin between the two classes.

These two stages are dependent on each other and performed through an iterative process.
In other words, the kernel parameters are optimized when the best hyperplane is found and
vice-versa.

For the optimization of the hyper-parameters, different methods have been proposed in
the literature, such as grid search, particle-swarm, and genetic algorithm [73]. The grid
search is an exhaustive search algorithm that explores a specified space until a pre-defined
threshold is achieved. In our work, the genetic algorithm method is used in the optimization
process because it has less complexity and is faster than the grid search method. The GA-
SVM code is implemented using a MATLAB code [69]. An iterative process is used to

find the hyper-parameters where an initial set is generated using random hyper-parameters
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values for each member of the set. Then, subsets are created, mutations are applied to the
members, and new populations are created. The main idea is that the best fitness function
will survive such process, and the algorithm is stopped once the best fitness, defined as
four-times better than the original random population, is achieved.

Moreover, the sequential minimal optimization (SMO) algorithm is used to optimize
the Lagrange multipliers and find the system’s coefficients and its support vectors. This
algorithm has been proposed by John Platt for the training phase of the SVM [69, 74, 75].
The SMO is used to solve the quadratic programming optimization problem related to
training of the SVM algorithm where it divides the large problem into smaller ones. More
specifically, it solves for only 2 support vectors at a time which can be solved analytically
and results in less training time, less memory requirements, and less complexity [74].

The outputs of the decision function are:

1. The sign of the output [+, —].

2. The absolute value of the output, which represents the confidence value.

The output is used differently in the classification process depending on the classification

type, i.e., binary or multiclass.

3.3 Data pre-processing

The collected data consists of the Raman spectra that contain the vibrational information
about the sample under test and can be used for the classification process. The spectrum
also contains different sources of variation and noise, as shown in Figure 3.6. The top
plot shows the Raman signal plus all noise contributions. The noise can be divided into
background noise, cosmic spikes, and white noise [76,77]. The background noise is due
to different contributors, including fluorescence background noise from the experimental
setup, stray laser light and reflections that are not totally suppressed by the filters, and

detected photons from the sample that are not Raman photons, e.g., Rayleigh scattering.
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Figure 3.6: Raman signal spectrum composition [78]

The cosmic spikes are caused by cosmic rays when the photons hits the coupled charged
detector (CCD) randomly during collecting the spectrum [76,78]. The white noise contains
the rest of the noise contributions. As expected, the noise added to the signal, especially the
baseline drift, can significantly affect the classification accuracy. Therefore, it is important
to reduce the noise associated with the Raman spectrum to improve the quality of the
spectrum and to achieve high classification accuracy. This process is called data pre-
processing. The data pre-processing can be divided into three main stages, as shown in

Figure 3.7.

3.3.1 Normalization

Different captures of the signal spectra have different amplitudes. These differences are due

to the different conditions of the measurements and the surrounding conditions. Hence, the
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Figure 3.7: Data pre-processing main stages.

first stage of the pre-processing is the signal normalization to ensure the input signals have
a uniform scaling. Methods of normalizing the spectrum include min-max normalization,
vector normalization, and standard normal variant (SNV) [78-81]. As shown in Figure 3.7,
two types of normalization are used in our work: the min-max and the SNV normalization.

Assume a spectrum = = x4, Ta, ...T,, where m is the number of features. The min-max

normalization is applied using the following equation:

x — min(x)

(3.9)

Lnormalized = ma:c(x) — mm(x)

where min(x) is the minimum value of the spectrum z, and maz(x) is the maximum value
of the spectrum. As a result, the output spectrum will range between 0 and 1.

The SNV normalization removes the mean of the spectrum first. Then, the result-



27

ing signal is scaled by the standard deviation of the spectrum as shown in the following

equation:

Tnormalized = ‘ ; M$7 (31())

where p, and o, are the mean and the standard deviation of the signal, respectively.

In our classification process, we apply min-max normalization to both the Raman and
blank signals. Then, the output signals are passed to the baseline correction block, as
explained in the next section. After the baseline correction and blank subtraction steps,

we apply a second normalization step before the ML algorithm training.

3.3.2 Baseline correction

The baseline correction task is to fix the baseline drift that occurs in the signal spectrum
due to the background fluorescence and external light sources. It should be noted that this
process should be carefully applied in order to not alter the main information contained
in the spectrum. This correction must be applied before the dimension reduction or ML
classification steps. To mitigate the effect of the baseline drift, we perform the following

steps:

1. The experiment and data collection occur in a totally dark room to reduce the effects

due to the external sources.

2. A baseline correction technique is applied to the signal to correct the residual baseline

drift.

3. Blank subtraction: The blank spectrum is collected from the empty spots on the
sample under test. Then, this spectrum is subtracted after baseline correction to

remove the blank contribution.

Recently, different baseline correction techniques have been proposed and used in the lit-

erature, such as simple and modified polynomial fitting [82-85], wavelet transform [86-89],
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penalized least square (PLS) and weighted penalized least square [90-92], vector transfor-
mation penalized spline (VTPspline) [93], cubic spline algorithm [94,95], and asymmetric
penalized least squares [96,97].

In our work, we consider using the airPLS technique [98-101]. An open source MATLAB
code is used for the implementation of the airPLS [102]. This technique aims to calculate
a LS fit curve for the input signal spectrum. Different parameters can control the fit as
explained next. After calculating the fitted curve, we subtract the fitted curve from the
original signal spectrum to calculate the baseline corrected signal.

The main idea of airPLS is based on the PLS that creates a fitted curve z based on the
sum square error (SSE) between the original spectrum z and z. This relation is called the

fidelity F' to the original spectrum x and can be expressed by the following equation [98]:

i=1
where m is the total number of features. Another important term called the roughness R,

which expresses the roughness of the fitted curve as shown in the following equation [98] :

R= Z(z —2z1)? = ' (Az)? (3.12)

The balance between the roughness and the fidelity is expressed in the following equation
[98]:
Q=F+\R=||z— 2|+ \||Dz|]? (3.13)

where D is the derivative of the matrix z.

The roughness contribution is controlled by a penalty parameter A\. The A parameter
controls the smoothness of the curve; it is typically in the range from 1 to 10°. Figure
3.8 shows an example of the raw spectrum for E. coli and the effect of different values of

A on the smoothness of the fitted curve. The figure shows the signal intensity versus the



29

8000 x w
— Raw spectrum-Blank
— =1
=10
26000 {|—— A=1e2 |
o —— \=1e3
= A\=1e4
= —— \=1e5
E 4000 [ —)\:166 7
&
% 2000 1
24
O 1 1 1
0 500 1000 1500 2000

Wave number [cm 'l]

Figure 3.8: Raw spectrum of E. coli bacteria and the fitted curve at different values of A.

wavenumber of the signal. It can be observed that as A increases, the fitted curve will be
smoother, e.g., A = 10°. However, at larger increases, the signal spectrum can be under fit.
Smaller values will result in a curve that closely tracks the spectrum and that may cause
removing important information from the spectrum e.g., A = 10'. Hence, an optimum value
for A exists and needs to be found empirically by optimizing the classification accuracy.
More details on the results are presented in the next chapter.

Finally, the fitted curve z is calculated by minimizing Eq. (3.13). This method has a
main disadvantage for Raman spectrum in that it assumes the background noise is constant
along the spectrum [90,91]. However, the Raman spectrum contains peaks that are used to
differentiate between bacteria types. As a result, a modified PLS called weighted PLS has
been proposed in [87,103]. In the modified PLS, a weight parameter w is used to penalize
the fidelity F'. So, the fidelity is equal to zero in the peak’s position of the signal x, and
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the baseline can be tracked. The modified fidelity can be expressed as [98]:
F= Z wi(z; — ) = (v — 2)W(x — 2) (3.14)

where w; is the diagonal of the diagonal matrix W.

It should be noted that the weighted PLS technique suffers from a major disadvantage:
prior to the baseline correction, the user must have previous knowledge about the position
of the peaks in the Raman spectrum to be able to set the weight vector to zeros at the
correct position. Therefore, the airPLS algorithm has been proposed to overcome such
disadvantage [98].

This technique uses an iterative process to generate an adaptive weight vector w that
assumes an initial value of w" = 1. Then, a certain weight value w’ is calculated based on
the value of the signal 2! and the value of fitted curve from the previous iteration z'~! for
each iteration ¢t. The balance equation used to get the value of the fitted curve point z* is

given by [98]:
Qt:wa|xi—zf|2+/\Z|zj— ;_1]2 (3.15)
i=1 =2

The update equation for the weight is given by [98]:

. 0 T; > zf_l
’LUZ — t(a:ifzfil) (3-16)
e 14 Ty < 2t

1'is a baseline

where t is the current iteration, t — 1 is the previous iteration, and 2!~
candidate. The d' vector containing the negative values resulting from calculating the
difference between x and z!~! at iteration ¢. This iterative process overcomes the peak
detection problem found in the weighted PLS method, where at value i of the signal x
and at iteration t, the weight is set to zero when the value of the z; is larger than the

1

fitted value at the previous iteration z'~! since it is within the peak. So, this value will be
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ignored in the next iteration. Hence, the airPLS algorithm will automatically detect and
not eliminate the peak points in the Raman spectrum [98]. It should be noted that this
behaviour doesn’t occur at non-optimum A values, where much smaller \ values will cause
the airPLS to detect the peaks as part of the signals and remove them as shown in Figure

3.8. Two stopping criteria for this iteration process are considered:
1. Reaching the fixed maximum number of iterations, which is set to 20 in our results.

2. Reaching the stopping condition defined as |d'| < [ X |z|, where [ represents the
tolerance and is set to 0.001 [98].

After correcting the baseline, the blank spectrum is subtracted from the signal spectrum.
Then, the last step of the data pre-processing is the normalization, where the resulting
spectrum is scaled using SNV normalization, so all the spectrum captures have zero mean
since it will cause the ML algorithm be trained on the mean of different captures [104].
Finally, dimension reduction is performed, as explained in more detail in the following

sections.

3.4 Classification types

This section explains the different classification types that can be applied to different data

sets.

3.4.1 Binary classification

This type of classification is used to distinguish between two different classes, e.g., two
different bacteria types, as shown in Figure 3.3. The binary classification process follows

the following steps:

1. The data set is formed from samples or observations from both classes, where each

class is assigned a different label or output either 1 or —1.
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2. Then, the data set is divided into a training set with 60% of the original data set and
a testing set with 40% of the original data set [64].

3. The training data is used to train the ML algorithm, finding the optimal values of
the kernel hyper-parameters, and to find the decision function that separates the two

classes.

4. Finally, the testing set is passed with the decision function to calculate the classifi-

cation accuracy of the input data set.

3.4.2 Multiclass classification

The SVM algorithm has usually been used for binary classification problems that can
be extended to multiclass classification. Multiclass classification is a generalized case of
binary classification where multiple classes are compared, e.g., three different bacteria types.
Generally, multiclass classification is divided into several binary models. There are two
approaches for the multiclass classification type: one-vs-one (OVO) and one-vs-all (OVA)

59,105, 106).

One-vs-one (OVO)

The OVO algorithm is one of the methods used to perform the multiclass classification [59],

and can be explained in the following steps:

e In the case of having C classes, the OVO generates M binary models defined by [59]:

_COx(C—1)
=0

M (3.17)
e For every class i, a binary model is built with each of the other classes with two
different labels [+1,—1]. An example of building three binary models corresponding

to three classes is shown in Figure 3.9.
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Figure 3.9: Example of three OVO binary models for three classes.

e Then, the data set is divided into a training set with 60% of the original data set size

and a testing set with 40%.

e Then, the SVM binary classifier is trained with the training set for each binary model

i and all the SVM coefficients are saved to be used in the testing/prediction stage.

e In the testing stage, the saved coefficients are used in Eq. (3.8) to predict the class

label y,. The prediction is performed in three steps. First, the maximum confidence

value determines the model where the sample belongs. Then, the sign of the confi-

dence value determines the class within the model. Finally, the predicted class for

each file, which can contain multiple capture iterations, is determined based on the

majority of the predicted class within each file. This process is summarized in Figure

3.10 for the three different classes.
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Figure 3.10: OVO classification process

3.4.3 One-vs-all (OVA)

OVA is another popular technique used to perform multiclass classification [59,105,107].
OVA is considered less complex than the OVO technique. OVA generates M binary models
equal to the number of classes C'. Hence, there are less comparison cases than with OVO
when number of classes exceeds three classes. For example, if we consider a four-class
scenario, we need six cases for OVO and four cases for OVA.

Figure 3.11 shows an example for building three OVA binary models for three classes.

The OVA algorithm can be explained in the following steps:

e In case of having C classes, the OVA generates M=C binary models corresponding

to the number of classes.
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e For each class i, a binary model is built with two labels [+1,—1] where class i will

have the positive label and all the other classes will have the negative label, as shown

in Fig 3.11.
Class2&3 Class 2 Class 1&3 Cl 3
® @ r1abel=-1 label=-1 o ® .a§§.‘11
O
@ \00 ® o
0 (e o0 0
Class 1 O . . O . O .
0 |Jh=it20 o@
Binary model 1 Binary model 2 Binary model 3

Figure 3.11: Example of three OVA binary models for three classes

e Then, the data set is divided into a training set with 60% of the input data set size
and a testing set with and 40%.

e Then, the SVM binary classifier is trained with the training set for each binary model
i and all the SVM coefficients are saved to be used in the testing/prediction stage.

e The testing stage is similar to the OVO steps explained previously. The saved coeffi-
cients are used in Eq. (3.8) to predict the class label y,,. This happens in a three-stage
process. First, the maximum confidence value determines the model where the sample
belongs. Second, its sign determines the class within the model. Finally, the predicted
class for each file, which can contain multiple capture iterations, is determined based
on the most predicted class within each file. The only difference for OVA compared
with the OVO testing stage is that we focus only on the positive sign in each model
that belongs to the individual class being compared to the other classes. Figure 3.12
illustrates the main steps to perform the classification process for each sample for the

three different classes.
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Figure 3.12: Classification process of three models using the OVA technique

3.5 Dimension reduction techniques

Normally, the data set results of Raman spectrum consist of a large number of samples and

features. The dimension reduction process has a significant importance in processing the

data used with ML algorithms. First, it can significantly reduce the system’s complexity,

the training time, and the training memory of the ML algorithm [108]. Also, it can im-

prove the classification accuracy if the sample or feature is causing a degradation to the

classification accuracy and is removed.

In our work, we consider performing the reduction in both dimensions, i.e., the reduction

of the samples and features, as explained in the following subsections in more detail [109-

112).
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3.5.1 Sample reduction

In focusing on the quantitative analysis of the data set, we aim to reduce its size by removing
the samples that are not significant or can be degrading the classification accuracy. We
consider the sample reduction based on the sample signal-to-noise ratio (SNR), where the
SNR of the collected spectrum is used to exclude samples with a low SNR that can affect
the classification accuracy [113].

The SNR for each feature 7 of the spectrum is calculated using the following equation
[113]:

R
SNR; = VN *xT % P % ————u— 3.18
Vv R; + noise ( )

Where R; is the Raman contribution, ¢ is the feature number, N is the number of

captures, T' is the acquisition time, and P is the laser power.

Reference Estimated noise
Raw data set signal signal
» Data Pre-processing Raman signal

Figure 3.13: Main steps of the Raman and noise signal calculation.

First, we need to calculate both the signal power and the noise power to compute the
SNR. Figure 3.13 shows the main steps to calculate the SNR. The signal power is calculated
based on the signal after passing through the pre-processing stages explained in Section 3.3.
Then, the reference signal is generated by filtering the raw spectrum using a Savitzky—Golay

(SG) smoothing filter of order 3 and a window size of 9, which is implemented using a built-



38

Original Raman spectrum
Frame length=9

Frame length=15
Frame length=25

Raman spectrum Intesity

200 400 600 800 1000 1200 1400 1600 1800 2000

Wavenumber [cm '1]

Figure 3.14: The effect of the SG window size on the Raman bands.

in MATLAB function. To avoid affecting the bands of the Raman spectrum, it is important
to choose the SG filter carefully, generally by choosing a small window size [114]. Figure
3.14 shows how the Raman bands change as the window size increases. Then, the estimated
noise signal is calculated by subtracting the raw signal and the reference signal [115]. An
example of the raw, reference, and noise signals for the CA bacteria is shown in Figure
3.15.

Finally, we calculate the quantitative quality factor (QF) metric, which is defined as:
Qr =Y SNR; (3.19)

which is the sum of the SNR calculated for each feature 7. Then, this metric is used to
select or neglect the samples from the captures based on a chosen threshold where the
samples with the lowest QF are first removed. The optimum threshold is found empirically
to optimize the classification accuracy and complexity, as presented with the results in the

next chapter.
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Figure 3.15: Raw, reference, and noise signals for PVP-EC.

3.5.2 Feature reduction

The captured Raman spectra usually consists of many features, e.g., 885 features in our
results, which are not all needed for the classification and can even degrade the performance.
Hence, feature reduction is important for reducing the complexity and/or improving the
classification accuracy.

The multiple reduction techniques proposed in the literature can be categorized into
two groups: feature extraction (FE) techniques and feature selection (FS) techniques. FE
techniques transform the original high-dimensional features into a new less-dimensional
feature set through matrix transformation such as principal component analysis (PCA)
and independent component analysis [70,116-119]. Although, the FE techniques project
the data into a new space with lower dimension size, every feature doesn’t necessarily
represent meaningful information on its own. As a result, the mapped set must all be used
within the MLA model.

FS techniques select a new feature set from the original set based on its importance and
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its effect on the classification accuracy without any change in the features’ nature or the
amount of information they contain unlike the FE techniques. As a result, more dimension
reduction can be achieved.The FS can be further divided into three techniques: filter,
wrapper, and embedded [108,109,120]. For the filter technique, the feature selection process
is dependent on the data set only and independent of the classifier ML algorithm used. Also,
it is mainly used with linear data. For both the embedded and wrapper techniques, the
feature selection process is dependant on the ML algorithm, where the parameters used
to measure the feature’s importance are calculated through the training process of the
classifier [108,109,120]. Table 3.1 shows the main advantages and disadvantages and gives

few examples of each technique.

Table 3.1: Main advantages and disadvantages of the feature selection techniques [108]

l ‘ Method ‘ Advantages ‘ Disadvantages ‘ Examples

Independent of the classifier
Lower computational cost than wrapper
Fast
Good generalization ability

Chi-Squared,
No interaction with the classifier Information Gain,
and Relief

Filter

Interaction with the classifier
Embedded | Lower computational cost than wrapper Classifier-dependent selection
Captures feature’s dependencies

SVM-RFE,
Feature Selection-Perceptron

Computationally expensive
Risk of overfitting
Classifier-dependent selection

Heuristic Selection Algorithms, and
Meta-Heuristic Search Algorithms

Interaction with the classifier

Wrapper Captures features dependencies

The embedded F'S technique combines the advantages of both the filter and the wrapper
and avoid their disadvantages. As a result, we use the SVM-RFE algorithm as a FS
technique in our work. SVM-RFE is a widely used technique for the feature selection that
is used with both linear and non-linear data based on the training model and the kernel
function used [70,109,120-122]. Also, the RFE is an example of backward selection, where
the process starts with the complete feature set, and then a feature is removed per iteration
based on its significance. In addition, it has several advantages such as its robustness,
having lower risk of overfitting, lower complexity, and better generalization performance to
the new data. Originally, the RFE technique was used in the cancer classification process,

where the number of training samples is less than 100 and the number of features is several
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Figure 3.16: Main steps of the SVM-RFE feature selection technique.

thousands [122].

In our work, SVM-RFE is used as a non-linear data classifier. It reduces the number
of features by selecting the most important features that affect the classification accu-
racy based on their calculated weight or feature score using the SVM training model [70].
Furthermore, the SVM-RFE is an iterative process, where in each iteration the least impor-
tant feature that has the minimum calculated feature score is removed. We developed the
MATLAB code that is used to implement this algorithm, which is based on the algorithm
proposed in [70]. The main steps of the process are summarized in the flow-chart shown in

Figure 3.16. and explained as follows:
1. Process the data through the pre-processing stage.

2. Calculate the optimal value for the hyper-parameters of the kernel function o, 5, and
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[ used in the training model through the genetic algorithm (GA) stage.

3. Train the ML algorithm (SVM), calculate the training coefficients a, and calculate
the RQK function k(z;, ;) using Eq. (3.7). These parameters are needed to calculate

the feature score or weight.

4. Calculate the feature score (c,) for each feature through an iterative process using

the following equations [70]:

1
Cp = §|aTHa —TH |, p=1,2,.m (3.20)
HZ.(]._P) — yz-yjk(xﬁ‘p),xg‘p)) (3.22)

where m is the total number of features, N is the total number of samples, (—p)
indicates the feature being removed, a are the coefficients calculated in step 3, and

y; and y; are the corresponding labels for samples z; and z; respectively .
5. At the end of the iterations, the feature with the minimum weight is removed.
6. Repeat steps 3-5 until all the features are removed.

7. Finally, the outputs of this process are presented in two vectors: the weight vector of

the features and the position of the removed feature in each iteration.

The above algorithm can be used with both binary classification and multiclass classifi-
cation. First, in case of binary SVM-RFE, there is only one binary model with two classes
of labels y = [+1,—1] [123]. Second, in case of multiclass SVM-RFE, there are multiple
techniques to perform the SVM-RFE feature selection in the literature, such as MSVM-
RFE-OVA which is based on the OVA technique [124, 125], MSVM-RFE-WW method by
Weston and Watkins, MSVM-RFE method by Crammer and Singer, and MSVM-RFE
method by Lee, Lin and Wahba [123,125].
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In our work, we use the MSVM-OVA-RFE technique, as explained in the following steps

and summarized in Figure 3.17:

1. As there are three classes, three binary models are built equal to the number of
classes. In each model, there is one class with a label of +1, which is called the main

class, while the other two are combined and have the —1 label.

2. The SVM-RFE is applied on each binary model. In each binary model, the GA and
SVM training are applied. Then, the features of the main class are ranked based on

their score/weight through the RFE.

3. Finally, the feature weight vectors are used to calculate the reduced feature set based
on a sweep of the number of removed features and finding the corresponding classi-
fication accuracy. Then, the reduced feature set that gives an acceptable accuracy
with a reduced complexity is selected. The classification results are discussed in the

next chapter.
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Figure 3.17: Main steps of the mutliclass SVM-RFE feature selection technique.

3.6 Conclusion

This chapter presented the steps and details of the classification process, including data pre-
processing, dimension reduction, the SVM ML algorithm, dimension reduction techniques
and classification types. Chapter 4 presents the bacteria acquisition, sample preparation,
and spectrum capturing steps, followed by the classification accuracy based on different

classification types for three bacteria types.
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Chapter 4

Classification results

4.1 Introduction

The previous chapters described Raman spectroscopy for bacteria identification and the
different algorithms used for classification and complexity reduction. This chapter presents
the performance of different algorithms and classification classes based on Raman spectra
captured experimentally for different bacteria types. First, the three steps followed to
capture the data set are explained: bacteria acquisition, sample preparation, and Raman
spectra capturing using the experimental setup. These steps were performed by other
members of my research team.

The rest of this chapter is organized as follows. Section 4.2 explains the process of
bacteria acquisition. The sample preparation is discussed in Section 4.3. The experimental
setup and data collection are explained in Section 4.4. The classification results versus
different parameters and different reduction techniques are presented in Section 4.5. Finally,

Section 4.6 sums up the classification results.
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4.2 Bacteria acquisition and sample preparation

In our classification setup, we use four bacteria types: Escherichia coli (EC), Cutibacterium
acnes (CA), methicillin-resistant Staphylococcus aureus (MRSA), and methicillin-sensitive
Staphylococcus aureus (MSSA). Because the classification process is based on the species
and not on the strain, MSSA and MRSA are joined as S. aureus bacteria and called MS in
the classification.

In addition, all the bacteria cells used have gold nanoparticles attached to them to
enhance the Raman signal through SERS [126-128]. Also, a polyvinylpyrrolidone (PVP)
capping agent is used to stabilize the nanoparticles, and control the interaction between
them and the bacteria cells [129]. All the materials used in this experiment were pro-
vided by the Ottawa Hospital, and ethical approval was obtained from the Ottawa Health
Science Network Research Ethics Board to use the CA bacterial strains collected from

peri-prosthetic joint infection patients for this study.

4.3 Sample preparation

After the bacteria acquisition step, the sample is prepared. This step is divided into two
phases: creating the bacterial culture and preparing the slides.
4.3.1 Creating bacterial culture

The process of creating a bacterial culture can be summarized in the following steps [128]:

1. A brain heart infusion (BHI) agar plate is streaked with the cells of EC, and the

plates are incubated overnight aerobically.

2. A blood agar (BA) plate is streaked with the cells of CA, and the plates are left for

72 hours under anaerobic conditions.
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3. A fresh tryptic soy agar (TSA) plate is streaked with the cells of MS, and the plates

are incubated overnight aerobically.

4. Then, single colonies are suspended in 5 mL of BHI for EC and in 5 mL of TSA for
MS. Then, they are incubated overnight with agitation at 200 rpm. CA suspensions

are prepared in BHI and incubated under anaerobic and static conditions for 72 hours.

5. Bacterial concentrations are verified by plating and counting each bacterium. Finally,

all bacterial cultures are incubated at 37°C.

4.3.2 Slides preparation

The nanoparticle solution is mixed with each of the bacteria samples in a microfuge tube
in the ratio of 1:9 and shacked slightly. Then, some drops of the mixture are spread onto a
glass slide and then allowed to settle. After 1 hour, the bacteria are heat fixed to the slide
and the liquid is aspirated. Then, the slide is dried under a stream of clean filtered air.
Finally, the slide is rinsed in a gentle stream of deionized water to remove un-fixed cells
and loosely bound debris, then dry again with air. To ensure enough bacteria adhere to

the slide for measurement, we repeat this process 3 times.

4.4 Experimental setup and data collection

After the samples are prepared, the next step is to collect the Raman spectrum from
the cells under the test. The data collection is based on a dark-field microscope system.
Figure 4.1 shows the experimental setup used to capture the Raman spectrum of a bacteria
sample [128]. In this setup, a 10 mw laser beam is generated from a continuous wave (CW)
distributed Bragg reflector (DBR) laser with a wavelength of 785 nm, then it is collimated
and reflected through a notch filter. Then, the light is reflected by the dichroic mirror
towards the dark-field setup, where there is an objective lens that focuses the light on

the sample. The sample is placed on a glass slide and mounted on a Thorlabs xy-direction
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Figure 4.1: Experimental setup used to capture the Raman spectrum of the bacteria sample. Iso.: isolator,
BPF: bandpass filter, NF: notch filter, FCL: fiber coupling lens, MMF: multi-mode fiber, SP-DM: short
pass dichroic mirror, TL: tube lens, Rp;: Raspberry Pi, MM: microscope mirror, OL: Objective lens, CL:
condenser lens, DFA: dark-field aperture, CL: collector lens

movable stage. A green LED is used as a source of light from the top of the sample to create
the dark field. The scattered signal from the sample travels back through the objective lens
towards the dichroic mirror. Then, the images of the bacteria cells with either nanoparticles
or their clusters on a black background are captured. These images are produced through
the dark-field setup and viewed on the Raspberry Pi through a complementary metal oxide

semiconductor (CMOS) camera. Also, the reflected signal from the dichroic mirror passes
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through the notch filter, where it allows the signal to pass through to a long pass filter and
block the laser wavelength. The long pass filter further blocks the Rayleigh scattered signal
with wavelengths near the infrared range. Finally, scattered Raman spectrum is captured
with the Kaiser f/18i apectrograph with a TE-cooled Andor CCD camera which comes
with Andor SOLIS software in the spectrometer. The CCD consists of a large number of
pixels, where it converts the scattered photons received by each pixel into electrons and
saves them in a sequence of pixels, which is then related to the Raman wavenumbers or
features. It should be noted that the number of saved electrons is proportional to the
number of photons received or the light intensity by each pixel [115]. Before running any
samples; a test sample of dried rhodamine 6G (R6G) samples is used to calibrate and align
all the components of the system. Most of the recorded spectrum of the samples contain
10 accumulations or iterations where they are considered as a single sample file. In the
testing stage, the file sample is considered to be classified correctly if 5 or more samples in
the same file are true and vice versa. The number of sample files and the total number of

samples are shown in the following table.

CA | EC | MS
Files 39 | 30 | 82
Total samples | 390 | 300 | 825

Table 4.1: Data sample size used in the classification results.

4.5 Classification results

This section presents the classification results for the captured bacteria samples using both
the binary and the multiclass classification processes. In order to provide more accurate
results, the accuracy is averaged over 100 iterations, where the data is randomly divided
between the training set and the testing set in each iteration. In this random division,

we ensure that the samples corresponding to the same file can only contribute to either
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the training set or the testing set to avoid training and testing the SVM algorithm with
correlated samples.

The basic data set was previously used to perform the classification process using the
GA-SVM, but in a different way than the suggested algorithm in this thesis, where the OVO
multiclass classification technique was used instead of the OVA technique used for this thesis
[128]. Using the OVO technique, the overall classification accuracy was approximately 77%,
lower than the classification accuracy achieved in this thesis, as shown in Section 4.5.2. The
higher classification accuracy achieved in the work for this thesis can be attributed to using
different pre-processing steps and parameters on the data set, using different multiclass
classification, and reducing the data set. The significant increase achieved in our work in
addition to the reduction in the complexity will pave the way for a more practical biosensor

for rapid and high accuracy bacteria identification.

4.5.1 Binary classification

This section presents the classification results using binary classification. First, we optimize
the value of A which controls the smoothness of the fitted curve in the airPLS as explained
in Section 3.3.2. We sweep the value of A in the range of A = [10® — 10°], and calculate the
classification accuracy of the three bacteria models, i.e., EC vs CA, EC vs MS, and MS vs
CA.

Figure 4.2 shows the classification accuracy versus different A values. It can be observed
that the optimal value of A\ is determined to be 10°. Also, the classification accuracy is
above 90% for all binary classes due to the large data set, quality of captures, and training
of the SVM classifier.

After choosing the optimum value of A = 10, we focus on the quantitative analysis step.
As discussed in the previous chapter, this step focuses on choosing the reduced samples
set that can achieve high classification accuracy and low complexity compared with the

complete data set.
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Figure 4.2: Classification accuracy versus different A values within the range 103 to 108.

First, the quality factors (QFs) are calculated for each sample after calculating the SNR
of each sample per feature as per Eq. (3.19). The distribution of the calculated QFs for
the three bacteria types is shown in Figure 4.3. The figure shows that few samples have a
significantly high QF compared with the rest of the samples for the EC and MS types. On
the other hand, the CA has a more spread out or uniform distribution of the QF across
the samples. As a result, we expect a significant reduction in complexity can be achieved
by removing low QF samples while maintaining a relatively high classification accuracy,
especially for the CA case.

After calculating the QF vector per bacteria type, they are sorted in an ascending order.
Then, we sweep the QF threshold by sweeping the percentage of the removed samples from
0 to 70%. At each threshold value, the samples achieving a higher QF compared with the
threshold are passed to the classifier, and the lower QF samples are discarded. For example,
at 20% sample reduction, we remove 20% of the original data set samples with the lowest

QF. Then, the remaining samples are divided according to 60% and 40% of their size for
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Figure 4.3: Histogram for the quality factor metric for the three bacteria types (a) EC, (b) CA, and (c)
MS.

training the SVM algorithm and testing, respectively. Finally, the classification accuracy
is calculated over 100 iterations.

The classification accuracy versus the percentage of samples removed is shown in Figure
4.4. Due to the instability of the results when significant reduction is applied and the sample
size used is relatively small, we limit the maximum reduction to 60%, 60%, and 70% for the
the EC vs CA, EC vs MS, and MS vs CA, respectively. Without any sample reduction, the
classification accuracy is higher than 95%, which can be attributed to high SNR samples
and the SVM algorithm being well trained. By removing samples, we observe a gradual
decrease in the classification accuracy as expected. There is clearly a trade-off between

the accuracy and the number of samples removed. So, we choose to target a classification
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Figure 4.4: Classification accuracy versus percentage of samples removed based on the sample SNR.

accuracy value of > 90%, which is relatively high, and a smaller number of samples is used
which will reflect on the speed and the complexity of the ML algorithm. Hence, we select
the reduced sample set size achieved by removing 70%, 50%, and 60% of the samples for
the EC vs CA, EC vs MS, and MS vs CA, respectively.

Then, we focus on the reduction in the feature dimension. First, both the position and
the weight of each feature are calculated using the SVM-RFE algorithm as explained in
Section 3.5.2. Figure 4.5 shows the feature weights or scores versus the wavenumber for each
of the binary models. It can be noted that not all features have equal weight. Also, fewer
than 15 features from the entire 885 features have high a feature score. After calculating
the feature scores, we sort the feature vector in an ascending order with respect to the
feature score. Similar to the SNR reduction, we sweep the feature reduction percentage
and calculate the classification accuracy of the three binary models.

Figure 4.6 presents the classification accuracy versus the percentage of the removed

features. It should be noted that the features are sorted based on their score. In other
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Figure 4.5: Feature score for the binary models: (a) EC vs CA, (b) EC vs MS, and (¢) MS vs CA.

words, the removal process starts with removing the features with the minimum score. As
a result, the accuracy remains high until a certain percentage of features is reached, then
it starts to decrease gradually. That percentage differs from one model to the other. For
example, we can achieve more than 95% classification accuracy for the EC vs CA model
when up to 96% of the features are removed. Hence, we can use few features for the EC
vs CA classification without a penalty in the classification accuracy. Similarly, it can be
observed that at least 10% and 0.5% of the features are required to maintain more than
95% classification accuracy for the EC vs MS and MS vs CA binary models, respectively.

As a final result for the binary classification, we perform a classification process for the
three binary models after reducing on both the samples and features to find the reduced

data set. The reduced data set is selected for each binary model with respect to the reduced
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Figure 4.6: Classification accuracy vs features being removed for binary models EC vs CA, EC vs MS,
and MS vs CA. (a) Entire range, and (b) details of the sweep range.
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number of features and the reduced number of samples achieving higher than 90% accuracy.
The classification accuracy for the complete and reduced data set is shown in Table 4.2. By
comparing the classification accuracy of the complete data set and the reduced data set, it
can be observed that we maintained higher than 90% classification accuracy while achieving
a significant reduction in the complexity and run time for the classification process. Based
on our computation capabilities, we calculated the processing time over multiple servers
and used the average value. The full data set and reduced data set finished processing 100
iterations in approximately 120 mins and 2.6 mins, respectively. This corresponds to more
than 98% reduction in the processing time. Moreover, there is a significant reduction in
the memory requirements for the reduced data set where the full data set and reduced data
set require 20.1 MB and 0.2 MB of memory, respectively. This reduction can be beneficial
for embedded applications. Hence, depending on the application requirements for accuracy

and complexity, the reduced data set can be chosen.

EC vs CA | EC vs MS | MS vs CA
Removed features 875 850 875
Removed samples % 70 50 60
Classification accuracy % 96.35 91.85 97.67
Classification accuracy of complete data set% 99.8 99.8 96.5

Table 4.2: Reduced data sets and the corresponding classification accuracy for the binary models.

4.5.2 Multiclass classification

In this section, I present the classification results using multiclass classification based on
the same data set used for binary classification in the previous section. In our results, we
consider using the OVA multiclass classification since it is generally less complex compared
with the OVO. Hence, three classes are used in calculating the classification accuracy: EC
vs CA + MS, CA vs EC + MS, and MS vs EC + CA.

First, we find the optimum value of A, similar to the binary classification. Figure 4.7
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shows the classification accuracy versus the A parameter: the optimum performance of the
OVA is achieved at A = 10°, which is the same value found to be optimum in the binary

classification case.

100 — T

Classification accuracy [%]

10° 104 10° 10°
A

Figure 4.7: OVA classification accuracy over A sweep.

After choosing the optimum value of A\, we focus on the dimensionality reduction. The
results of the reduction in the sample dimension are presented first. Similar to the binary
classification, the QF or SNR metric presented in the previous section where the QF for
the three bacteria types are shown in Figure 4.3 is used for the reduction.

Figure 4.8 presents the classification accuracy versus the percentage of the samples re-
moved (the blue curve). The black curve represents using a single capture/iteration per
sample where the mean of the 10 captures is used per each file sample as one sample. It
can be observed that the classification accuracy is reduced by approximately 10%. This
can be attributed to using a smaller sample set by averaging the 10 captures. Also, the
classification decision is based on a single sample, which causes more errors in the classifi-

cation. This is in comparison to the errors in the majority of 10 samples, which occur only
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when more than 5 samples in the same file are classified incorrectly.

Similar to the binary classification results, we can significantly reduce the number of
samples while achieving a high classification accuracy. For example, we can achieve more
than 80% and 90% classification accuracy after a reduction of the sample size by more than
70% and 40%, respectively.

For the feature reduction, we perform similar steps to the binary classification steps.
First, we calculate the feature score of each bacteria class versus all. Figure 4.9 shows
the feature scores of the three models used for the classification. Similar to the binary
results discussed in the previous section, the features scores are significant among a small
number of features, which means the rest of the features have a detrimental or negligible
contribution to the classification accuracy.

Figure 4.10 presents the OVA classification accuracy versus the percentage of the re-
moved features. The top figure shows the classification accuracy over the entire range of

the removed features. It can be observed that the classification accuracy improves when
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Figure 4.9: Feature score for the OVA models: (a) EC vs all, (b) CA vs all, and (c) MS vs all.

o

low-weighted featured scores are removed. After 40% of the features are removed, the
classification accuracy is approximately unchanged until 96% of the features are removed.
Figure 4.10(b) shows the classification accuracy for the range > 95% features removed.
The classification accuracy decreases with further removal of features due to the removal
of highly weighted features. Hence, the few highly weighted features should be preserved
to achieve a high classification accuracy and significantly decrease the complexity.

Finally, the classification accuracy is calculated for the reduced data set with respect
of the number of samples and number of features. We consider a case for the reduced data
set where we target > 90% classification accuracy, which will result in a trade-off between
classification accuracy and complexity which can be beneficial in certain applications where

a short processing time is important. The percentage of removed samples is chosen to be
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60% of the samples, and 880 features of the lower weighted features are removed. The
classification accuracy of the reduced data set is calculated and found to be 92.9%. Table
4.3 compares the reduced data set to the full data set case. Also, the processing time
based on our computer is shown in the table where the full data set and reduced data
set needs approximately 246 mins and 5 mins, respectively to process 100 iterations of
the accuracy, This corresponds to approximately 98% reduction in the processing time per
sample. Similarly, we achieve more than 98% reduction in the memory requirements by

the reduced data set compared to the full data set as shown in table 4.3.

Complete data set | reduced data set
Removed features 0 880
Removed samples % 0 60
Classification accuracy % 93.50 92.9
Processing time 246 mins 5 mins
Memory requirements ~ 10 MB ~ 30 KB

Table 4.3: Reduced data set and the corresponding classification accuracy for the OVA model.

4.6 Conclusion

This Chapter presented the classification results for three different bacteria types using two
classification methods.

First, using binary classification, I presented the simulation results for three binary
models: EC vs CA, EC vs MS, and MS vs CA. Using the full data set, a classification
accuracy of more than 95% was achieved for the three models. The complexity of the
samples data set was then reduced based on the sample SNR. Using less than 60% of the
original data set size, the classification accuracy was maintained at more than 95% for
the three models. The RFE-SVM algorithm was then used to reduce complexity in the

feature dimension. It was noted that a small number of features were heavy weighted
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compared with the rest of the features. Hence, we could significantly reduce the number of
features used in the classification and maintain a high classification accuracy. This shows
that bacteria identification between two different types of bacteria can be more rapid and
accurate.

Second, I presented the classification accuracy using the multiclass OVA method. Using
the complete data set, the OVA method showed more than 90% classification accuracy.
Similar to the binary model, dimension reduction was applied to the input samples. Using
the SNR reduction to reduce the input samples by more than 60% resulted in a classification
accuracy higher than 80%. Furthermore, using the RFE-algorithm to reduce the complexity
on the features, and using only the 5% top-weighted features, resulted in a classification
accuracy of approximately 92%. Finally, by combining both reduction dimensions and
the classification accuracy for the reduced data set, a classification accuracy of more than
92% was achieved using a significantly reduced data set. Moreover, we achieve more than
98% reduction in the processing time and memory requirements using the reduced data set
compared to the full data set. Similar to the binary classification, these results show the

potential for fast and accurate classification between multiple types of bacteria in a sample.



63

Chapter 5

Conclusion and future work

5.1 Overview

Recently, Raman spectroscopy has been widely used in different fields due to its effective
and rapid results. The captured Raman spectrum contains detailed information about a
sample’s structure, chemical components, and molecular interactions. As a result, Raman
based biosensors have gained significant attention in the biological field. They are used
in the classification and identification of different types of bacteria based on the fact that
every bacteria has its unique Raman fingerprint.

However, using Raman spectroscopy to identify bacteria poses a few challenges. The
captured Raman spectrum is contaminated with different noise sources. Also, the signal is
multi-variate and non-linear due to the correlation between the Raman features or peaks.
As well, the Raman signal is very weak compared with Rayleigh scattering. Using ML and
SERS, we can overcome such challenges and achieve high classification accuracy between
different bacteria types. Moreover, the processing times can be significantly reduced com-
pared with the days needed using the bacterial culture method. Hence, rapid, accurate, and
non-invasive bacteria identification can be achieved in a way that could have a significant

impact on a patient’s health.
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5.2 Summary of original contributions

In this thesis, I presented different results for bacteria classifications based on captured

Raman spectra. The main contributions of this thesis are as follows:

e Using binary classification, I presented the results for three binary models: EC vs
CA, EC vs MS, and MS vs CA. Using the full dataset, classification accuracy of more
than 95% was achieved for all three models. Then, I showed results based on reducing
the complexity of both the sample size and its feature. First, using less than 60% of
the original data set sample size, classification accuracy was maintained at more than
95% for all three models. Then, the RFE-SVM algorithm was applied to calculate
the feature weights and reduce the complexity in the feature dimension. Given that a
small number of features were more heavily weighted than the rest of the features, the
number of features used was significantly reduced to 10 for the classification. Using
both SNR and RFE reduction, the classification accuracy was 96.35% for the EC vs
CA model, 91.85% for the EC vs MS model, and 97.67% for the MS vs CA model.
Moreover, the full data set and reduced data set needed approximately 120 mins and
2.6 mins, respectively to train and process 100 iterations excluding the feature score
calculation. This corresponds to more than 98% reduction in the processing time.
Similarly, we achieve more than 98% reduction in the memory requirements which

will be beneficial for embedded applications.

e [ also presented the classification accuracy results of using the multiclass OVA method.
Using the complete data set, the OVA method showed more than 90% classification
accuracy. Similar to the binary model, dimension reduction was then applied to the
input samples. Using the SNR reduction, the input samples were reduced by more
than 60% while maintaining a classification accuracy higher than 80%. By using
the RFE-algorithm to reduce the complexity of the features, and using only the 5%

top-weighted features, classification accuracy of approximately 92% was achieved.
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Finally, by combining both reduction dimensions and the classification accuracy for
the reduced data set, classification accuracy of more than 92% can be achieved using
a significantly reduced data set. Moreover, we achieve more than 98% reduction in
the processing time and memory requirements using the reduced data set compared

to the full data set.

5.3 Future work

In this thesis, I presented ways to improve the accuracy and speed of bacteria identification
using Raman scattering and machine learning, based on binary and multiclass models.
Opportunities for future research exist in further investigating modifications to the ML
algorithm and the feature reduction techniques. The aim of these suggested ideas is to
increase accuracy and reduce processing time.

For the ML algorithm, different types of kernel functions can be used with the SVM
algorithm. The performance of such kernel functions can be compared to the RQK used in
our work. It is expected that the trade-off between complexity and accuracy can be further
optimized based on this application. For example, the exponential radial basis function

(RBF) can be used, as expressed in the following equation [60]:

_Hfﬂi—xjH
202

) (5.1)
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where this kernel function has a lower number of hyperparameters compared with the RQK,
which means less complexity in terms of the training and optimization process.
For the feature reduction techniques, two approaches based on using the SVM-RFE

technique with a few modifications could be tested.

1. Using the enhanced RFE algorithm (EnRFE): This algorithm is similar to the oper-
ation of the SVM-RFE in ranking the features based on their weight. Also, similar

steps are followed in the weight calculation. The main difference is in the reduction.
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For the SVM-RFE, the minimum weight feature is directly removed. On the other
hand, the EnRFE calculates the effect of removing the least-weighted feature on the
classification accuracy. If removing such a feature causes a reduction in the classifi-
cation accuracy, it will not be removed from the feature set even if it has a minimum
weight. Otherwise, it will be removed from the feature set. This process is then
repeated on all EnRFE [110]. It is expected that using such a method would achieve
a better classification accuracy than using the SVM-RFE; however, this would be at
the expense of higher complexity in the RFE process, since it involves calculating the

classification accuracy before deciding on removing any weight.

2. Using a minimum-redundancy maximum-relevancy (MRMR) filter along with the
SVM-RFE to get more accurate classification accuracy with a smaller number of
features: This modified algorithm combines two feature selection techniques, the
filter (MRMR) and the embedded method (SVM-RFE). The SVM-RFE selects the
features based on their weight and their relevance without taking the redundancy into
consideration which can affect the classification accuracy. As a result, the MRMR
filter is used to overcome this issue by reducing the redundancy in the features that

affects the classification accuracy [130].

Moreover, we can include the performance of the system in the presence of an unknown
class in the validation process. Using the current model used in our results. If a different
bacteria type is used in the validation process, it will be mapped to one of the three known
classes used in the training of the MLA. Hence, it will be classified incorrectly. To overcome
such disadvantage, we can add a threshold on the empirical loss where the unknown sample
can be discarded from the classification.

Finally, a comparison could be made between the classification performance of different
types of ML algorithms. Such comparison would be based on the supervised and the
unsupervised ML algorithms by using our implemented algorithm SVM-RFE and the deep
neural network (DNN) [131], respectively.
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Appendix

Training system accuracy

The training performance expresses the accuracy of the training of the MLA used in the
classification process. It can be calculated by the empirical loss which is expressed in Eq.
(3.2). The MLA is trained by 60 % of the data set, and 40 % is used for for calculating the
empirical loss for the binary models. The following table shows the calculated empirical
loss where it follows the performance of the binary models described in Chapter 4. In other
words, the loss is high for the MS vs CA where the classification accuracy is lower than the

other two models.

EC vs CA | EC vs MS | MS vs CA
Empirical loss 55.83 47.73 107.34

Empirical loss for the binary models.

Confusion matrices

The multiclass classification accuracy can be detailed for each bacteria type using the
confusion matrix, where the correct and incorrect class mapping can be calculated. Figure
5.1 present the confusion matrices for the full and reduced data sets for one iteration. It
can be observed that the accuracy values in figure 5.1 and figure 4.3 are not identical due

to the randomness in selecting the training and the testing sets.
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matrix (a) complete data set, and (b) reduced data set.
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