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Abstract

This work reports on the application of Raman spectroscopy in distinguishing rapidly between
Staphylococcus aureus and Neisseria gonorrhoeae bacterial strains. The method was also explored
in segregating between drug-responsive and drug-resistant Staphylococcus aureus strains.
Currently, such tasks take several days and involve the use of labels in methods such as Polymerase
Chain Reaction (PCR), Verigene Gram-positive blood culture (BC-GP) assay, and Alere’s
BinaxNOW. The samples were applied onto conductive silver paste-smeared glass slides then
excited with a 785 nm laser and the Raman scattered radiation was collected, recorded, and
analyzed. The Raman spectral data analyses were done using ANOVA and PCA which were able
to reveal a distinction between Staphylococcus aureus and Neisseria gonorrhoeae. The bands that
were uniquely identified to Staphylococcus aureus had their wavenumbers centered at 800cm™,
846cm™ and 1028cm™. These bands displayed high-intensity variations in ANOVA and high-
loading signals in PCA. They are attributed to Tyrosine (800cm™) and proteins (846, 1028cm™),
and their vibrational bands were tentatively assigned to C-N stretch, ring breathing, and C-C
breathing respectively. Raman spectra of Neisseria gonorrhoeae exhibited unique bands centered
at 635cm™t, 710 cm?, 941 cm™, 1232 cm™ and 1320 cm™ which were attributed to Tyrosine(635
cmt), Polysaccharides (710 cm™), protein (941 cm™), Amide I11, adenine, polyadenine (1232 cm-
1) and DNA (1320 cm™?). Their vibrational assignments are the aromatic ring skeletal, CH2 Rock,
C-N ring, and NH: respectively. These two sets of bands can be used as the biomarker bands for
Staphylococcus aureus and Neisseria gonorrhoeae. For the drug-resistant and the drug-responsive
strains of Staphylococcus aureus bacteria, the peaks that were found to have high variations in
terms of intensities in ANOVA and high loading signals in PCA and associated with thedrug
resistant strain were centered at 720cm?, 950cm™ and 1320cm™. These bands are attributed to
polysaccharides (720cm™), proteins (950cm™), and DNA (1320cm™), while their vibrational
assignments are CH. Rock, C-C ring breathing, and NH respectively. Similarly, the bands
identified to the drug-responsive strain are 805cm™ (proteins), 1035cm™ (proteins), and 1443cm™
(phospholipids, deformation mode of proteins), and vibrationally assigned to C-N stretch, C-C ring
breathing, and CH. in that order. These results indicate that the Raman spectroscopy method is
capable of rapidly identifying the biomarker bands that can be used in the diagnosis of bacteria

strains in hospitals, hence the time used in diagnosis is significantly reduced.
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CHAPTER I

1 INTRODUCTION
1.1 Background
Raman spectroscopy is a method used in the detection and differentiation of elements in a sample. It
depends on Raman scattering whereby photons incident to a sample loose or gain energy after interacting
with vibrating molecules in the sample (Gardiner 1989). The shifts in energy can then be used to acquire
important information about the molecular composition of the sample with a very high degree of
precision (Juma 2018). Raman spectroscopy has gained a lot of interest in biomedicine compared to
other methods, because of its direct and rapid procedure of detection and minimal sample preparation,
and this means that it will take less time to diagnose the type of bacterial infection in a patient. In
addition, the method does not involve the use of labels, so the composition of the sample is not interfered
with, for this reason, further sample tests can be carried out (Boardman et al., 2016). Also, this method
is more applicable in the study of both bacteria and viruses since these are the key disease-causing agents
that lead to mortality among patients if not quickly and accurately detected (Ferguson and Brown, 1996).

The utilization of Raman spectroscopy especially in the field of biomedicine has drawn a lot of interest
to various researchers. The method has been tried in the detection and diagnosis of disease-causing
organisms like bacteria and viruses, the classification of the organisms in various families, and also in
the study of their cell structure (Galvan and Yu 2018). Raman spectroscopy has also been utilized in
the detection and classification of 17 bacteria species into gram-positive and gram-negative categories
(Boardman et al., 2016). The research involved the separation of 17 bacterial species from culture using
an algorithm that was based on barcodes. All the spectra were classified into 4 groups using the
Hierarchical cluster analysis (HCA) as a statistical tool, then a subsequent separation of all the bacteria
into individual groups using the Partial least-squares discriminant analysis (PLS-DA) technique. They
also discovered the fact that the method could give different spectra of drug-susceptible bacteria during
the antibiotic susceptibility test (AST). This research work by Boardman and coworkers involved some
strenuous sample preparation procedures using labels, however, this was improved by Liu et al who
used the Raman spectroscopy method in both label and label-free methods in pathogen detection. In
the research, it was pointed out that the label-based detection method with Raman spectroscopy allowed

highly sensitive and multiplexing bacteria detection results. Moreover, when compared with the label-



free method, the label-based method had increased preparation steps, reactant volumes, and time of

analysis. In addition, the biological information about the cells of the organism is lost (Liu et al., 2017).

Raman spectroscopy has also been used in the differentiation between Chlamydia trachomatis and
Neisseria gonorrhoeae (Chen, Premasiri, and Ziegler 2018). Though these two bacteria strains are both
gram-negative and both cause sexually transmitted diseases, the method was able to differentiate
between them by giving two distinct spectra (Chen, Premasiri, and Ziegler 2018).

The Raman spectroscopy method is venturing into another area in bacteria diagnosis, this is the detection
and differentiation between antibiotic-responsive and antibiotic-resistant bacteria strains (Novelli-
Rousseau et al., 2018). Since most bacteria strains change their structure or develop resistance to specific
drugs once poorly prescribed, it is therefore important for medics to determine the nature of antibiotic
susceptibility of these strains.

This research work explored the performance of Raman spectroscopy in rapid testing and distinguishing
between bacteria Staphylococcus aureus and Neisseria gonorrhoeae. Its performance was also applied
in the differentiation between the drug-responsive and drug-resistant strains of Staphylococcus aureus.
This method can be a great boost in the diagnosis of bacteria in hospitals since in the traditional blood
culture method, one has to wait up to 24-48 hours for a positive blood culture before the testing is done.
This is averagely 37-40 hours of diagnosis (Boardman et al., 2016). Other methods like Verigene Gram-
positive blood culture (BC-GP) assay which uses microfluidic cassettes and has identified up to 37
microorganisms and the Alere’s BinaxNOW which engages immunochromatographic assays has been
used to identify E. coli, Streptococcus pneumonia, methicillin-resistant Staphylococcus aureus and
others, have reduced the length of time for testing although they still depend on the positive blood culture
results (Boardman et al., 2016).

Polymerase Chain Reaction (PCR), is another method that does not depend on the results of positive
blood culture but uses labels that are placed in the sample whereby the test results depend on the reaction
between the sample and the metal label used (Liu et al., 2017). The limitations of this method are that it
interferes with the nature of the sample (by adding labels) and thus no further tests can be done on the
sample. Also, it is expensive to obtain the labels and involves a lengthy sample preparation process
(Boardman et al., 2016).

In this thesis, the literature on Raman spectroscopy is captured in the second chapter. The areas where
the method has been utilized in detection, differentiation, and thus diagnosis of disease-causing
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pathogens. Detection of antibiotic resistance of these bacteria has also been shown together with the
chemometric analytical techniques that help in the classification of samples. The basic principles of
Raman spectroscopy involving absorption and emission of laser light causing molecular vibration of
atoms are discussed in the third chapter together with the processing and interpretation of Raman spectra
by the statistical tools ANOVA and PCA. Chapter Four shapes the methodology of Raman spectrometry
and the operating conditions behind it, the process of obtaining and preparing samples, the safety
measures kept in mind, and also the collection and pre-processing of spectral data are discussed. Finally,
in the fifth chapter of results and discussion, the results of the differentiation of bacteria Neisseria
gonorrhoeae and staphylococcus aureus and its drug-resistant strain are obtained and discussed with the
help of ANOVA and PCA statistical tools. Their biomarker bands are stated then the summary and

conclusion are given in chapter six.

1.2  Statement of the Problem

The current methods for pathogenic bacteria diagnosis are destructive, time-consuming, require tedious
sample preparation and, to some extent, produce inaccurate results. Therefore, they are of limited utility
in rapid bacteria diagnostic, especially in cases of severe infections that require immediate diagnosis
and specific drug prescription. Raman spectroscopy coupled with multivariate chemometric techniques
has the potential to overcome these shortcomings and develop a calibration model to achieve accurate

diagnosis of bacterial infections.

1.3 Objectives
1.3.1 Main objective

The main aim of this research work is to utilize Raman spectroscopy in the detection and differentiation
between non-drug resistant and resistant bacterial strains staphylococcus aureus and Neisseria

gonorrhoeae.

1.3.2 Specific objectives
Q) To distinguish using Raman spectroscopy between staphylococcus aureus and Neisseria
gonorrhoeae bacteria and identify and assign both component-wise and vibrationally their

biomarker Raman bands.



(i)  To distinguish, using Raman spectroscopy, between drug-responsive and drug-resistant

Staphylococcus aureus strains and determine biomarker bands for each.

1.4 Justification and Significance of the Study

The blood culture method, for decades now, has been the gold method for bacteria diagnosis. Despite
its well-known accuracy in detection, there is the most serious backdrop that seems more costly, the
time it takes for a single result of a test to be found. This means that for serious infections it remains to

be a challenge.

The bold step taken by physicians to prescribe general antimicrobials renders the bacteria chances of
developing resistance to antibiotics. This is due to lack of specific diagnosis as the physician awaits the
development of positive blood for specific detection. This is a major limitation since drug-susceptible
and resistant bacteria cannot be treated the same way and a physician needs to perform an antibiotic
susceptibility test (AST) to determine the nature of the pathogens. Therefore, this work aims to develop
a technique that can perform accurate and timely bacteria diagnosis, and can be able to demonstrate the

ability to discriminate between the susceptible and drug-resistant pathogens.



CHAPTER Il

2 LITERATURE REVIEW
2.1 Overview
In this chapter, the literature relating to Raman spectroscopy and other vibrational techniques in bacteria
detection and identification is reviewed. The chapter also points out the utility of Raman spectroscopy
in the detection and differentiation of anti-biotic responsive and resistant bacteria. Finally, it critiques

the application of chemometrics as a tool in the analysis of Raman spectra.

2.2 Raman Spectroscopy in Bacteria Detection and Identification

The use of Raman spectroscopy has significantly advanced in the last decade due to its detection
capabilities. This has been enhanced by its high sensitivity, speed, portability, and a comparable low
cost. Moreover, when applied in the investigation of samples placed in special nano-resonators, the
efficiency of SERS displayed an increased limit of detection (LOD) of up to the order of 10"®mol dm"
% was attained (Rebrosova et al., 2017). Due to the sensitivity of Raman spectroscopy, its utility has
been widely incorporated in biological, medical, environmental, and industrial sample analysis
(Kudelski 2008). The technique is mainly used to identify a sample giving different Raman spectra
with different Raman intensities per sample which imply different compositions of molecules in the
sample. For instance, two strains of Gram-positive Staphylococcus aureus bacteria strain were
investigated on bionanocomposites on chitosan-silver nanoparticles (Potara et al., 2011). It was
demonstrated that the silver nanoparticles can be used on antibacterial agents and on plasmonic
substrates for bacteria identification and in monitoring the biochemical changes in the bacteria cell wall

via Raman spectroscopy

In biomedical applications, Raman spectroscopy is more reliable in the diagnosis of disease-causative
pathogens. For instance, it has demonstrated greater potential in detecting and discriminating bacteria
belonging to various families. The families of Enterobacteriaceae and Acinetobacter genus have been
found to have differences in the Raman peaks which are stated to be due to biological differences
(Espagnon et al., 2014). Also, a study on the characterization of bacterial and yeast microcolonies using
Raman spectroscopy showed characteristic peaks at 664, 781, 808, 1095 and 1569cm™. These peaks
were associated with the position and tendency of the activities of the microcolonies, and they were
assigned to DNA and RNA nucleic acid bands (Espagnon et al. 2014). In addition, the more intense



peaks at 745 and 1126cm™ were associated with proteins and have their vibrations as C-N and C-C
stretch respectively (Espagnon et al. 2014). In the diagnosis of bacteria Chlamydia trachomatis and
Neisseria gonorrheae, SERS signatures of the two sexually transmitted infectious bacteria are
completely different even though they are both gram-negative bacteria(Galvan and Yu 2018). The
Raman spectra of the two bacteria were obtained for classification both on gold (Au) and silver (Ag)
substrates (Chen, Premasiri, and Ziegler 2018). Neisseria gonorrhoae bacteria had similar spectral
bands on both substrates while Chlamydia trachomatis had the distinct bands 900, 1200 and 1550cm™
on Au substrate and bands 936, 1002, 1035,1385, 1446 and 1600cm™ on Ag substrate (Chen, Premasiri,
and Ziegler 2018). This difference was exclusively attributed to the structure of the metal surface of
the substrate used. Chen and co-workers were able to demonstrate how the Raman spectral signatures
distinguish these two bacteria based on Purine metabolites i.e. adenine, guanine, xanthine, hypoxathine,
uric acid, guanoxine (Chen, Premasiri, and Ziegler 2018). The presence or absence of these enzymes
in the purine metabolism of the organism plays a major role in the determination of the nature of the
organism (W. R. Premasiri et al. 2005). For instance, Neisseria gonorrheae spectra would show strains
of adenine, guanine and a few NAD™ as observed in the Raman spectra, their peak assignments are 734,
664 and 1030cm™ respectively (W. Ranjith Premasiri et al. 2016). They all had their vibrational
assignments as ring stretching, this indicates that the bacterium is associated with the cell membrane.
Chlamydia trachomatis, that has no cell wall, therefore there are no purine metabolites in its Raman
signature, instead the bacteria’s biomarker bands are 900cm™ for peptidoglycal layer, 1002cm™ and
1550cm™ both for proteins. Their vibrational assignments are C-C ring and PHE ring breathing in that
order(Chen, Premasiri, and Ziegler 2018). This findings point out that Raman spectroscopy method is
able to spectrally differentiate between Neisseria gonorrheae with cellular suspension and a dominant
adenine, guanine and NAD", and Chlamydia trachomatis with no purine enzymes but proteins on the

cell surface only.

Research has also been done to show the ability of Raman spectroscopy on label and label-free methods.
The rich spectra and high sensitivity has made Raman spectroscopy an interesting technique in bacteria
detection (Barhoumi and Halas 2010). The label based method uses plasmonic nanoparticles with
specific Raman reporter molecules and modified target recognition elements to obtain strong Raman
signals. However, rich bacterial cell information is lost, and the method is limited by its in-situ detection
due to long steps of preparation, reactant volume and analytical time (Kneipp, and Bohr 2006). The
label-free method is more preferred due to its direct technique of Raman peak assignment and easy

6



interpretation where it involves forming a thin film of nanoparticles on a substrate for signal

enhancement (Liu et al. 2017).

The Raman spectroscopy has also been found to be efficient in differentiating between gram positive
and gram negative bacteria (Prucek et al. 2012). In the study, NIR excitations of a laser light were
directed on crystallized particles of identified gram positive bacteria Entericoccus faecalis and
Streptococcus pyrogenes, and gram negative bacteria Acinetobacter baumannii, and Klebsiella
pneumonia. Typical Raman spectra of these bacteria were obtained and recorded, then the bacterial cell
wall compositions were compared. The variant peaks for the two categories of bacteria were detected
at 850cm for Adenine with C-C breathing vibrational assignment, 1556¢cm™ for N-acetyl related bands
and at 1587cm for Amide 11 with CN ring breathing vibrational assignment (Prucek et al. 2012). These
bands were lacking in the gram negative bacteria due to the absence of peptidoglycans in their cell

wall, i. e gram negative bacteria (Potara et al. 2011).

A deep interest on development of a rapid method of detection and diagnosis of bacteria is increasing
among researchers. This is influenced by high rates of mortality caused by sepsis. Resistance to drugs
by bacteria is caused by inappropriate drug prescription and delayed diagnosis which is due to complex
and lengthy sample preparation methods. This is why SERS is gaining interest due to its molecular
specificity and potential in pathogen species identification. Boardman and company identified that the
Raman spectroscopy was able to accurately identify and differentiate samples of Staphylococcus aureus
and Escherichia coli with 88% sensitivity and 97% specificity (Boardman et al. 2016). Also Raman

spectroscopic analysis is also nondestructive, the samples can still be used in other tests.

2.3 Raman Spectroscopy in Detection of Antibiotic Resistant Bacteria

Various studies are increasingly being directed into a deep understanding of the difference between
antibiotic- susceptible and resistant bacteria (Fridkin et al. 2005). This is due to an increasing trend of
resistance to antibiotics by a wide range of bacteria, posing a serious challenge in healthcare
management. This implies that a new method for detection of bacterial resistance is required in order
to enhance a breakthrough into antibiotic therapeutics. Raman spectroscopy has been identified as a
promising technique for real-time bacteria detection and for the fundamental study of antibiotic-
resistant mechanisms. This is because of its unique nondestructive sample analysis that also provides
rich vibrational information, and enables chemical imaging/mapping of bacteria (Galvan and Yu 2018).

Galvan and Yu, 2018 utilized SERS to study a wide range of bacteria and developed an understanding

7



of the bacterial cells’ antibiotic degradation and so enabling the development of novel therapeutics.
Their research had two of the bacteria Staphylococcus aureus and Escherichia coli characterized with
peaks at 730 and 1095cm™ which were associated with the glycosidic ring of peptidoglycan on their
cell walls (Galvan and Yu 2018). The peaks significantly disappeared in the antibiotic-exposed bacteria

cells because of the cell wall modification to develop resistance to drugs.

Raman spectroscopy has also been used in the rapid detection of antibiotic susceptibility of the
bacterium Escherichia coli (Novelli-Rousseau et al. 2018). In this work by Novelli-Rousseau et al, the
bacteria strains were incubated separately in three different antibiotics i.e. amoxicillin, gentamicin, and
ciprofloxacin for two hours to allow for the development of resistance to the drugs. Raman spectra were
then acquired on the three samples alongside susceptible bacteria and spectral data sets were isolated
and processed for differentiation. Principle Component Analysis (PCA) was performed on the Raman
spectra which evidenced a variation in Raman spectra between the bacteria exposed to antibiotics and

the unexposed bacteria. (Novelli-Rousseau et al. 2018).

2.4 Chemometrics with Raman Spectroscopy in Analysis of Bacteria

Currently, analytical instruments generate voluminous amounts of data that may be tedious to handle.
Therefore, researchers use chemometric analytical tools as a means of dealing with this extensive
information. Chemometric analytical tools range from those that do classification of data,
preprocessing, projection, clustering, and prediction using pattern recognition methods. Principle
component analysis (PCA) has been used for cluster classification of gram-positive and gram-negative
bacteria (Prucek et al. 2012). Prucek et al used the method to present a definite potential of classifying
gram-positive Enterococcus faecalis, Streptococcus pyogenes and gram-negative Acinetobacter

baumannii and Klebsiella pneuminiae (Prucek et al. 2012).

During the process of studying the antibiotic susceptibility of bacteria, supervised machine learning
techniques were used to track effects of antibiotics on a few bacterial strains using SERS (Novelli-
Rousseau et al. 2018). The Raman spectroscopy was used to create a distinct database of the spectra of
antibiotic susceptible bacteria and the spectra of bacteria with an antibiotic effect i.e. susceptible to
drugs. The Support Vector Machine (SVM) algorithms together with the relative software were able to
show a difference between bacteria that are antibiotic resistant and those that are susceptible, and so it

was easy to make predictions of spectra from unknown samples. PCA was also used to categorize the



two groups of spectra even giving the distinction among bacteria at various concentrations of the

antibiotic showing those that are antibiotic effect positive and antibiotic effect negative.



CHAPTER 111

3 THEORETICAL BACKGROUND
3.1 Overview

This chapter reviews the basic principles of Raman with regard to the absorption and emission
spectroscopy. It also presents the molecular vibrations of atoms, the processing and interpretation of
Raman spectra. In addition, the statistical method ANOVA which is utilized in data analysis in this

research, and a brief summary of unsupervised learning method i.e. PCA is discussed.

3.2 Principles of Raman Scattering

3.2.1 The classical approach
The laser light used in Raman spectroscopy is an electromagnetic wave. When the electric field E is
introduced into a sample, it causes a disturbance in the molecular electron orbits, hence an electrical

dipole moment p is induced.

The induced dipole moment is considered to be directly proportional to the electric field. Thus the
induced dipole moment is given by (Vandenabeele 2013);

P=a-E )

Where a is the electric polarizability tensor, which depends on the shape and dimensions of the

chemical bond.

Since the Raman effect is caused by an EM radiation, and light is considered to be an oscillating electric
field, then the electric field E in time t is;

E = E,coswt = E, cos (2mv,t) 2
Since w = 2mvo
Where vo is the vibrational frequency of the radiation.

Since the polarizability tensor a depends on the mode coordinates Q of the molecule, then the

dependence relation can be expressed as a Taylor series;

a= a+ Xk (a_a)o * O t %21@1(

0Qg

0%a

0Qk0Q;

) e Qe @t ®3)
0
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Where; Qk and Q; are mode coordinates that correspond to the k™ and 1™ vibrational modes with the

vibrational frequencies vk and v; .

In approximation, only the first two terms in the equation 3 are maintained, hence the corresponding

mode vibration equation reduces to;

a, = ay,+ aj, ¢ Q, 4)

Where a,, = Y (%‘R)O is the derivative of the polarizability tensor to the mode vibration Qv at
equilibrium.

From the previous approximation, the modes vibrate according to harmonic oscillator, hence the mode

function Qv varies with time as;

Qv= Quo * cos(Zm » v, * t+ @) (®)
With Q,,, being the amplitude of the mode vibration, and ¢,, the phase angle.

Substituting equation 5 in equation 4, yields;

a, = ag+ a’, » Q,o * cos(2m e v, o t+ @,) (6)

This shows that the polarizability tensor undergoes a harmonic oscillation with frequency v,, which is

equal to the vibrational frequency of the molecule’s mode coordinate.

By substituting equation 2 and equation 6 for equation 1, then the induced electric dipole moment is

given as;

p=[ag+ a'y * Qy * cos(2m ¢ v, * t+ @,)] E;cos(2mv,yt) @)
Simplifying further, equation (7) becomes;

p = ag Ey cosQmvyt) + a'y, Ey Qyo cosRm v, t+ ¢,) * cos(2mvyt) (8)
Using the trigonometric expression;

cosA e cosB = Y[cos(A + B) + cos(A — B)] 9)

Equation (8) is then modified and simplified to;

11



p = agE, cosuvyt) + Y% a', Ey Qo cos[2m(vy +v,) t+ @, ] +
Ya alv EO QVO COS[ZH(VO - Vv) t— (pv] (10)

It can now concluded that the induced dipole moment is a function of two frequencies, namely, the
vibrational frequency of the molecules (v,) and the frequency of the incident radiation (v,), which is

further simplified to;

p=pWo) +p(vo +v,) +p(vo — V) (11)

From the equation (11), the induced dipole moment consists of 3 components each with a particular
dependence on frequency. The first term in the equation corresponds to elastic scattering of the incident
radiation whereby the induced dipole moment has the same frequency as the incident radiation, hence
the same energy. This is referred to as Rayleigh scattering, which was discovered by Lord Rayleigh
(1842 - 1919). The second and third terms in the equation correspond to inelastic scattering where by
the induced dipole moment do not have the same frequency as the incident radiation; Raman scattering.
The second term represents scattered photons with higher energy than the incident photons (Anti-stokes
scattering), while the third term represents scattered photons with lower energy than the incident

photons (Stokes scattering).

3.2.2 Quantum description

According to Boltzmann distribution function, molecules occupy various vibrational energy levels at
room temperature, but according to Schrodinger equation for a particle in a box, there are only limited
number of energy levels allowed with the lowest level being highly populated. Molecular bonds do
confine the atoms to specific quantized vibrational modes where by vibrational energy levels are given

as;
E,= w+ %) hy, (v=0,12,..) (12)

Where vy is the vibrational frequency, v is the vibrational quantum number of individual atoms, h is

Planck’s constant.

The laser light used in Raman spectroscopy is an electromagnetic wave. Once there is an incident EM
radiation on the molecules, they absorb the energy and move to the higher energy states if the photon
energy is equal to the energy difference AE = E, — E;, Where E; and E; are the energies of the initial

and final levels. If this energy is not equal to AE, the electron clouds may be displaced slightly from
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equilibrium, a phenomenon called polarization. The polarized electrons are thought to be excited to a
virtual level above the ground level. If the difference AE = 0, then the Rayleigh scattering is
considered, and the otherwise case is Stokes or Anti-stokes scattering is considered. For instance, when
the scattered photons have higher energy than the incident photons it is considered to be Anti-stokes
scattering, and when they have lower energy than the incident photons, then it is Stokes scattering. To
determine the position of a Raman band in the spectrum, the difference in the ground state and the first

vibrational state is used. Figure 3.2:1 shows the model of dispersion of light by molecules.

Wavelength (nm)

575 560 545 530 515 500
IStukzes-H’aman- | aser
scattering

Anti-Stokes-Raman-
scattering

Raman intensity (arbitrary units) ——

T of T N T T " T b

T b L}
800 E00 400 200 -200 -400 -600 -BOO

Wavarnimbar / em-1

Figure 3.2:1: A model of the Rayleigh, Stokes-Raman and Anti-stokes-Raman scattering (Tarcea et al. 2008)

3.3 Intensity of the Raman scattered light

Generally, the intensity of a Raman band is influenced by a number of factors which can be sample
related or instrument related according to the equation;

=Ly (13)
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Where B represents parameters that are related to the sample and y those that relate to ithe nstrument
(Vandenabeele 2013). The instrument-related factors y include the following; the intensity of the
radiation source, the frequency of the exciting laser, the spectrometer’s spectral response as well as the
fourth power of the excitation energy (Juma 2018). The intensity of the Raman band as a function of
sample-related factors is also dependent on a number of factors such as the size of the sample, the
number of Raman active molecules in the sample and the molar scattering coefficient of the sample.

In the application of Raman spectroscopy, a laser (an intense beam of light) is focused on a sample,
then the intensity of the scattered radiation as a function of its wavelength is measured. The intensity
is plotted against the Raman wave number w (cm™) which is the difference in frequency between the

incident EM radiation and the scattered light;

w= —— — : =m_ % (14)

A(incident) A(scattered) R c

The wave number is clearly the difference in wavelengths of the incident radiation and the measured
(scattered) radiation expressed in cm™, v, and vo are the frequencies of the respective radiations and ¢
is the speed of light.

It is this knowledge that makes it possible for spectrophysicists to perform peak assignment for the
purpose of identification of elements in a sample based on the Raman peaks. The Raman band position
is influence by the force of molecular bonds. For instance, the hydrogen atom has a single bond and the
peaks lie between 3650-2750 cm?, this is the region where single bonds (O-H, N-H, C-H) absorb
energy. Double bonds (-C=C-, -C=0) appear between 2250-1500 cm™, then the other groups that do
have complex patterns with many molecules have their Raman bands below 1500cm™. This information
is therefore important during the interpretation of Raman spectra.

3.4 Chemometric techniques in Raman spectroscopy

Chemometrics is defined as a chemical discipline that selects and designs optimum measurement
experiments and procedures, and provides fundamental chemical information by exploring the
chemical data using mathematical and statistical methods(Krull 2012). This is according to the
International Chemometric Society (Kudelski 2008).
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3.5 Spectral Data Processing
Data is usually processed before the main analysis is done. This process is considered very crucial
especially when dealing with huge amounts of data (Cozzolino et al. 2011). More importantly,

preprocessing data before analysis can lead to the following;

I.  Transforming data to become more suitable for further analysis
Il.  Reducing large amounts of data by eliminating any forms of variations
I1l.  Providing unique information within the data that can enlighten achievement of intended goals

(Varmuza and Filzmoser 2016)

3.6 Supervised versus Unsupervised Learning

Generally, statistical data is categorized as either supervised or unsupervised. Supervised learning seeks
to develop a characteristic model, based on the experimental data, which relates the outcome to the
input data. This is done with an aim of accurately predicting the outcome for future predictions as well

as creating a better understanding of the relationship between the outcome and the input data.

On the contrary, in unsupervised learning there is no specific response. Therefore, there is no outcome
to fix a model to it and thus there are no outcomes to predict. The goal of unsupervised learning is to
understand the relationship between the observations. This is achieved by clustering or classifying the
data into groups. One statistical learning tool used in this research is Principle component analysis
(PCA) (Colins 2017).

3.7 Principal Component Analysis (PCA

PCA is an analytical tool that projects multivariate data progressively into data at a lower dimensional
space. For instance, it provides the best of the data distribution. For exploratory data analysis, it is the
most preferred analytical tool since from the definition, the desired number of dimensions (principle
components) selected for the final exhibition and the subspace by the PCA is made up of the most
faithful and accurate dimensional space of the original data (Biancolillo and Marini 2018). This implies
that, in the process, there is minimal loss of crucial information in the data as well as it allows large

dimensional data compression.

For instance, if we wish to visualize several observations say n, with measurements on a set of t features

X1, X2, X3,.....xt as part of the data under exploration, visualization can be achieved by examining two-
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dimensional scatter plots of the data, each containing n observations on two of the features, i.e. if there

are to scatter plots, then t> = t(t-1)/2 , for example, for t = 5, there are 10 plots.

However, if it is too large, then certainly this is not possible to look at each of them. Moreover, it is
highly likely that none of them is informative since each contains just a small fraction of the total
information present in the data. Clearly, it is impossible to visualize n observations when t is large, thus
a method that can find a low dimensional representation of the data required, especially if it can as
much of the data’s important information as possible. This is exactly what PCA does (Satapathy et al.
2014).

It represents a low-dimensional data set containing variations as much as possible. These dimensions
contain observations that vary along each dimension. Therefore each of them is a linear combination
of the t features. These dimensions are therefore referred to as principle components. We now explore
how the PCs are computed; the first PC Y1 of the set of features X1, X2, Xs,.....xt s the linear combination
of the features with the largest variance. It is given as;

Y1 = 011%1 + @p1%5 + B39x3 + -+ By Xt (15)

The normalizing function here shows that Y%_; %, = 1, and the elements @11, @12 ,........ @1t are

referred to as the loadings of the first principle component and summing them up makes the PC loading

vector.

The loadings are constrained so that their sum of squares is equal to 1, otherwise setting them to be
arbitrarily large could result in a large variance. To compute the first PC given an n x t data set x, we
take each of the variables in x to be centered to mean zero i.e. the column means of x are zero. Then
we obtain a linear combination of the sample features with the largest sample variance owing to the
constraint that Z§-=1 @?1 = 1. The sample features are of the nature;

Yii = O11xi1 + @oiXip + 0 ey Xyt (16)

This means that the first PC loading vector solves the problem of optimization below;

2 .
max [%Zi=1(23'=1 Q)jl xij) ] SUbjeCt to §-=1 @121 = (17)

®11"-®t1

. . . . 1
Thus the objective in (3) is — nL YA,
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Since nl i xl-zj = 0, then the average of Y4, Y,4, ... Y,,; is also equal to zero, and they are rreferredto

as scores of PC1.

The loading vector @1 containing elements @44, @,; ... @;; Shows the direction in the feature space along

which data varies the most.

Projecting n data points X1, Xz, ... onto this direction, the values projected are themselves are PC scores
Y11, Ya1,...Yn1.

To compute the second PC, Y2, which is a linear combination of X1, X2, X3,.....xt with maximal variance
of all linear combinations that are not correlated with PC1. Therefore PC2 scores Y12, Y22, Y32,....Yn2

are given as;
Yig = @11xi + DipXoz + -+ Doy (18)
Where @ is the loading vector of PC2.

Clearly, constraining Y2 to be uncorrelated to Y1 is like constraining the direction of @ to be normal
to the direction of @1. In a larger data set where there are t>2 variables, multiple PCs are computed in
a similar manner. Once the PCs are computed, they are then plotted against each other so as to have a
low dimensional view of the data. For instance, we plot Y1 against Y2 or Y2 against Y3 or Y1 against
Y3sand so on (Brereton 2009). The plots of the PCs against each other is called a PCA scores plot. They
help in visualizing and inspecting deeply into the data, and observing the distribution of samples in the
informative PC space. Similarly, loadings plots are developed from the scores plot. The loadings plots
interpret the data by exploring the relative contribution of each variable(s) in a particular PC

(Biancolillo and Marini 2018). The basics of the scores and loadings plots are shown in the Figure 3.7:1.
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Figure 3.7:1: Fundamentals of PCA presented graphically.(Biancolillo and Marini 2018)

The first plot is a 3-dimensional space presentation which has been projected into a low dimensional
subspace. The points highlighted in red in the far left diagram have been traversed into the first two
PCs. The scores plot has four sub sections, where by each PC has a positive and a negative space. This
means that a sample can fall in either of the four spaces according to their characteristics. Thus, samples
with similar characteristics lie in the same space. In a similar way, the loadings plot simplifies further
the information on the scores plot. For instance, the samples in the data lying in the negative of PC1

and positive of PC2 are seen to be having similar characteristics and can be identified in x> as shown.

3.8 Analysis Of Variance (ANOVA)
Analysis of variance (ANOVA) is an analytical tool that is used to explore groups of data that depend

on one or more factors, and determine the variations among the groups.
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When considering a single factor, it is termed as one-way analysis of variance. This tests for an
existence of systematic differences between the groups. For instance, to estimate the systematic

differences between the groups, i.e. m and n, the measurement of repetitions m inn Xmn is given by;
Xmn = Xtotal + (Xm - Xtotal )+ tmn (19)
Where X;otq; is the sum of total mean, X,, is the group mean and t,,,,, random error.

A schematic data for a one-way ANOVA is shown in the Table 3.1.

Table 3.1. A schematic data for a one-way ANOVA

Groups ‘ 1 ‘ 2 ‘ ..................... n
xll x12 .................... xln
x12 x22 ................... x2n
X13 X3p e X3p

Xm11 xm22 XmnN
Group means ‘ % ‘ X, ‘ ....................... Xrotal

A two way analysis of variance involves the investigation of two factors that influence the differences
between groups. If the two factors are given as P and Q, then the measure of repetitions in row m and

columnn X,,, is given by;
X = Xtotal + (x—Pm - Xtotal ) + (x_Qn - Xtotal) t timn (20)

Where xP, is the mean of factor P in row m, x@,, is the mean of factor Q in column n, and t,,, is the

random error. A schematic data for a two-way ANOVA is shown in the Table 3.2.
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Table 3.2. A schematic data for a two-way ANOVA

Factor Q e
Factor P 1 2 N e
1 X11 X1z e Xun e
2 X21 Xo2 e Xy 7,
" Xma Xz e Xon x_Pn
Mean 2, x¢ X0, e, X0, f.

In the classification of samples using Raman spectroscopy, a plot of variance of the two or more
samples is obtained from the mean columns. It is then plotted with the variances in the means against
Raman shift. The main differences between the groups is then determined by the Raman peaks with the
highest variance. An example of a variance peak is shown in the Figure 3.8:1. A study is conducted to
compare the activity of fatty acid receptors in three categories of microfluidic devices. A plot of
variance here shows the bands with the highest peaks are the peaks of variance among the groups under

study together with their peak assignments (Zhang et al. 2019).
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Figure 3.8:1: ANOVA plot of variance showing the activity of fatty acid receptors in three categories of
microfluidic devices. It shows the Raman peaks at 1002, 1078, and 1582cm™ as the variance peaks (Zhang et al.

2019).
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CHAPTER IV

4 MATERIALS AND METHODS
4.1 Overview

This chapter outlines the methodology used in accomplishing the objectives of this research. The
Raman spectrometry used in performing the analysis is presented with its operating conditions. In
addition, the process of obtaining and preparing the samples for spectra collection has been discussed,
including the safety measures taken while handling the samples. Finally, the spectra pre-processing

techniques used in this work have been clearly described.

4.2 Raman Spectroscopy Instrumentation

In this study, a confocal Raman spectroscopy (STR Corporation) was used, which was fitted with an in
built imaging monochromator spectrograph with two lasers that excite at 532nm and 785nm. The
imaging spectrometer, (Princeton Instruments) equipped with 600, 1200, and 1800 lines/mm grating
and a backscatter-illumination CCD camera purposely for acquiring spectra within the time frames
optimized. (Juma 2018). The instrument was always calibrated before taking any measurement using a
standard silicon wafer, and the Raman scatter bands were maintained at 519.56cm, as shown in Figure
4.2:1 (Murray et al. 1989).
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Figure 4.2:1: Raman spectrum of silicon wafer using 785nm laser
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During measurement, the laser light was conveyed to the Raman set up through the fiber optic cables
that transmitted the beam under total internal reflection. It was then delivered to the sample to be
measured by the shutter through the laser’s band pass filter, Figure 4.2:2. The beam of light was then
delivered by the band pass filter to the beam splitter that separated it into two equal parts; one that was
reflected and another that passed on to the sample through the beam splitter. All these measurements

were executed in a dark room to minimize background radiation due to fluorescence (Bhanot 2015).

CcCD

Focusing
Lens

Beam —y

Splitter Notch

Filter
Microscope
/

\ Objective
Sample —;1—1—1

Figure 4.2:2: Schematic diagram of the set-up of the Raman spectroscopy, Courtesy of: http://cnx.org/

Selection of the Raman spectral parameters was done depending on the nature of the sample and hence
the region of occurrence of the spectral fingerprint for biological samples. The chosen spectral window
for analysis for this work was 300 -1800cm™. This is usually the finger-print spectral region for
biological samples (Potara et al. 2011). For this study, the chosen grating was 600 lines/mm which
provided a wider spectral window, and also because it is a high frequency that can improve spectral
resolution (Butler et al. 2016). In addition, the laser light intensity for excitation needed was controlled
to avoid photo-thermal damaging sample cells as the measurement was done. This is done by choosing
an objective lens of lower magnification of x10 and a laser power of 18.20mW.

The numerical aperture was also set at 0.3, and a levered stage that enabled and controlled the

movement of the laser spot to be focused on the screen, the laser spot size used was 68.5um. Fine focus
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on the sample was done by the movable stage. On exciting the sample, the scattered weak Raman signal
was measured by the spectrometer, the computer with STR software was used for visualization

purposes.

4.3 Preparation of Bacteria Samples

The samples from infected patients were obtained from the KEMRI lab where they were stored at
temperatures below -80°C. The bacteria were not analyzed directly on a glass slide, a silver paste was
smeared on the glass which acted as a substrate, and was left to air dry for 20-30min before the sample
was placed on the silver paste which was also allowed to air dry for 5-8min before the Raman spectra

were obtained.

4.4 Raman Analysis Procedure

Well prepared samples of each bacteria were analyzed by the Raman spectroscopy method where a 785
nm laser was used to excite the samples and the Stokes Raman scattered radiation collected, recorded
and analyzed. At least five samples of each bacteria were excited, this was depending on the amount of
bacteria available for measurement, for each sample, five random points were excited and 10 different
Raman spectra were obtained from each point making a total of 50 per bacterial sample. The massive
amount of data obtained implies that more accurate results were expected from this procedure. The
other experimental parameters were: an exposure time of 10 seconds, spectral accumulation of 10, a

1000cm™ center wavelength.

4.5 Statistical Analysis of Raman Spectra
The raw data usually measured directly from the Raman spectrometer is made up of pure Raman signals
superimposed on background auto fluorescence signals(Gervini 2006). Therefore, data pre-processing

was done to extract pure Raman signals from the measured raw data.

The Vancouver Raman Algorithm was used in smoothing the data and eliminate the unwanted spectral
peaks(Ledn-Bejarano et al. 2019), while data analysis was performed using PCA and ANOVA as

statistical tools.

24



CHAPTER V

5 RESULTS AND DISCUSSION

5.1 Overview

This chapter presents the results obtained from the Raman spectrometric detection and differentiation
of two bacterial strains: Staphylococcus aureus and Neisseria gonorrhoea, and also between the drug
responsive and drug resistant strains of the bacteria Staphylococcus aureus. The characteristic spectra
of each of the strains were collected and compared. Common and unique bands to each were identified
and assignments made. Principal component analysis and ANOVA were used to aid in spectral data

differentiation.

5.2 Characteristic Raman spectra of Staphylococcus aureus and Neisseria

gonorrhoeae bacteria
The Figure 5.2:1 displays Raman spectra of bacteria Staphylococcus aureus (SA, black line) and
Neisseria gonorrhoeae (NG, red line) together with the variance plot obtained from ANOVA. The
Raman spectral profiles of the two bacterial strains (SA and NG) were similar indicating presence of
similar Raman active molecules in each. Deviations were only observed in the intensities of bands
centered at 635cm™, 710cm™,800cm™?, 846 cm, 941 cm™®, 1028cm?, 1232cm™ and 1307cm™. These bands
can be attributed to Tyrosine (635cm™), Polysaccharides (710cm?), proteins (846, 941, 1028cm™),
Amide 11, adenine and polyadenine (1232cm™), and DNA (1307cm™) (Lu et al. 2013). Since Raman
intensity is proportional to the number of molecules scattering the radiation (Kudelski 2008), it may be
inferred that levels of tyrosine (800 cm?), and proteins (846, 1028 cm™) (Mungroo, Oliveira, and
Neethirajan 2016) were elevated in Staphylococcus aureus bacteria strain as compared to those in

Neisseria gonorrhoeae strain.

These variant bands are vibrationally assigned to C-N stretch, ring breathing and C-C ring breathing
for the bands centered at wavenumbers 800, 846 and 1028cm™ respectively (Lu et al., 2013). Similarly,
levels of Tyrosine (635 cm™), Polysaccharides (710 cm™), proteins (941 cm™), Amide 11, adenine and
polyadenine (1232 cm?) and DNA (1307 cm?) are elevated in Neisseria gonorrhoeae strain as
compared to those in Staphylococcus aureus strain. They are vibrationally assigned to aromatic ring
skeletal (635 cm™), CH2 Rock (710 cm™), C-N ring (941 cm), and NHa ring (1232 cm?) (Liu et al.,
2017).
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Figure 5.2:1: A graph of the Raman peaks of drug responsive bacteria Staphylococcus aureus (SA) and
Neisseria gonorrhoeae (NG) together with a plot of variance showing variance peaks between the two bacteria
strains.

PCA was performed on combined Raman spectral data sets of Staphylococcus aureus and Neisseria
gonnorhoeae bacteria to evaluate further the power of Raman spectroscopic technique in detection and
differentiation between the two bacteria strains. The intention was to further identify with the aid of PC
loadings plots, the biomarker Raman bands, and compare them with those identified using ANOVA.
These bands can potentially facilitate rapid diagnosis of bacterial infection using Raman spectroscopy.
The PCA 3-D scores plots done using the R software, is shown in Figure 5.2:2. As can be seen in the
plot (score plot) the Raman data sets from NG and SA were clearly segregated implying that their

spectral patterns were different.
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Figure 5.2:2: 3-D score plot for the combined Raman spectral data sets from Staphylococcus aureus and
Neisseria gonnorrhoeae bacteria strains. A distinct segregation between the data sets was observed with an
explained variance of 58.4%.

The scores plot in Appendix 1 showing a plot of PC1 against PC2 also indicate that the bacteria strains
Staphylococcus aureus, and Neisseria gonorrhoea were clearly differentiated using PCA. The bacteria
Staphylococcus aureus whose biomarker bands lie at wave numbers 800cm™, 846cm™ and 1028cm-
Taccording to the results of ANOVA has intense loadings in Figure 5.2:3 being influenced by the same
wave numbers. They are attributed to Tyrosine (800cm™) and proteins (846, 1028cm™) and their
vibrational bands are assigned to C-N stretch, ring breathing and C-C breathing respectively (Lu et al.
2013).

Similarly, the loadings plot for bacteria Neisseria gonorrhoea is also shown in Figure 5.2:3. The
negative of PC2 are represented by the peaks 635cm™ and 710cm™, 941cm™, 1232cm, and 1307cm™.
Likewise, these bands have a higher intensity variation in the ANOVA analysis from the Figure 5.2:1
and also large loading signals in the loadings plot in Figure 5.2:3. The peaks are attributed to Tyrosine
(635 cmY), Polysaccharides (710 cm™), protein (941 cm™), Amide I11, adenine, polyadenine (1232 cm’
1y and DNA (1320 cm™) (Lu et al. 2013). They can be used also as the biomarker bands for bacteria
Neisseria gonorrhoeae for Raman spectroscopy method. Their vibrational assignments are the aromatic
ring skeletal, CH2 Rock, C-N ring and NH: respectively (Mungroo, Oliveira, and Neethirajan 2016), as

shown in table 5.1.
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Figure 5.2:3: A loadings plot showing plots of PC1 and PC2 together with bacteria Staphylococcus aureus and
Neisseria gonorrhoeae

In the comparison of the two bacteria strains Staphylococcus aureus and Neisseria gonorrhoeae in this
chapter, it can be concluded that Raman spectroscopy has the ability to detect and differentiate the two
strains. For instance, this method, Raman spectroscopy, was able to show that the spectral profiles of
the two bacterial strains differed in terms of intensities of bands attributed proteins, tyrosine,
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polysaccharides, Amide 111, adenine and polyadenine (Wang et al. 2003). It may be inferred that the

levels of these biomolecules differ depending on the bacterial strain (Liu et al. 2017).

A summary of the Raman bands and their peak and vibrational assignment is shown in Table 5.1,

including their reference from literature.

Table 5.1: Peak and vibrational assignment of Raman spectra of Staphylococcus aureus and Neisseria

gonorrhoeae bacteria strains (Gonzélez-Solis et al. 2014; Liu et al. 2017; Lu et al. 2013)

Staphylococcus Neisseria Literature | Peak component | Vibrational Reference
aureus (cm™) | gonnorhoeae 1 . .
(cm) (cm™) assignment assignment
- 635 624 Tyrosine Aromatic | (Liuetal. 2017)
ring skeletal
- 710 710 Polysaccharides CH2 Rock | (Liuetal. 2017)
800 - 808 Tyrosine C-N stretch | (Liuetal.2017)
846 - 855 Protein (Luetal. 2013)
- 941 946 protein C-Nring | (Gonzalez-Solis
et al. 2014)
1028 - 1028 | Proteins and Tyrosine C-Cring | (Gonzalez-Solis
. l.
breathing etal. 2014)
- 1232 1220 Amide Ill, Adenine, (Gonzalez-Solis
. l.
Polyadenine etal. 2014)
- 1307 1320 | DNA NHzring | (Mungroo,
Oliveira, and

Neethirajan
2016)
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5.3 Raman spectroscopy of antibiotic responsive and non-responsive

Staphylococcus aureus;

This work also explored the potential of Raman spectroscopy in distinguishing between drug responsive
and drug resistant strains of Staphylococcus aureus bacteria. Figure 5.3:1 displays the spectra of the
two strains of SA (drug responsive, Resp; drug resistant, Rest). Evidently, the profiles indicated higher
intensities of bands centered at 805, 1035, and 1443cm™ in drug responsive and at 720, 950 and 1320
cm™ in drug resistant strain. These bands for the drug responsive strain can be attributed to tyrosine
(805cm™Y), proteins (1035 cm™), and phospholipids, deformation of proteins (1443cm™) (Lu et al.
2013). These bands can be tentatively vibrationaly assigned to C-N stretch, C-C ring breathing and CH>
respectively. The bands for the drug resistant strain are also attributed to polysaccharides (720 cm™),
proteins (950cm™) and DNA (1320 cm™) (Lu et al. 2013). The bands can also be tentatively vibrationaly
assigned to CH2 Rock, C-N ring and NH: in that order (Mungroo, Oliveira, and Neethirajan 2016).

Raman Intensity \ Arbtr. Units

+~—— Variance

Variance

Hon,

600 900 1200 1500 1800
Wavenumber \ cm™

0.0

Figure 5.3:1: A graph of the Raman peaks of drug responsive bacteria Staphylococcus aureus (Resp) and its
drug resistant strain(Rest) together with a plot of variance showing variance peaks between the two bacteria
strains.
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The results obtained from ANOVA above were compared to those obtained from PCA so as to a certain
that the results are the same. A 3-D score plot in Figure 5.3:2 shows 86.4% segregation of the two
strains, similarly, a 2-D scores plot in appendix 2 shows a clear segregation whereby the Staphylococcus
aureus resistant bacteria strain lies in the positive of PC1 while Staphylococcus aureus responsive strain
lies in the negative of PC1. In addition, the loadings plot in Figure 5.3:3 also show large loadings being

influenced by the same wave numbers as in the results obtained from ANOVA.

PCA1 (63%) PC3(9.4%)

Bacteria study

Figure 5.3:2: A 3-D score plot for Staphylococcus aureus drug responsive and resistant strains

The unique bands that identify the drug resistant Staphylococcus aureus bacteria strain are centered at
720cm, 950cm ™ and 1320cm™. These are the bands that have high intensity variance in the ANOVA
analysis, and now they have high loading signals in the PCA analysis as compared to other bands as
shown in Figure 5.3:3. They are attributed to polysaccharides (720cm™), proteins (950cm™) and DNA
(1320cm't), while their vibrational assignments are CHz Rock, C-C ring breathing and NH; respectively
(Lu et al. 2013). Likewise, the drug responsive bacteria Staphylococcus aureus has its peaks at 805cm”
! (proteins), 1035cm™ (proteins) and 1443cm™ (phospholipids, deformation mode of proteins). They
are also vibrationally assigned to C-N stretch, C-C ring breathing and CH: respectively (Lu et al. 2013).
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Therefore these two sets of Raman peaks are said to be the biomarker bands for the two bacteria strains

since they have high loading signals in PCA and high variation in intensity from the ANOVA analysis.

0.08 I PC2
720 805 950 1320 1443

PC2

PCL

I
l
1600490 600 I 8('0 I_OO 12IOO 1400 16IOO 1800
!
|

Intensity a.u.
[os]
o
o
1 I 1

| SA res
] T T T T T T
3500490 600 | soo i.ooo 1200 1400 1600 1800
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N
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o
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|

T T T T T T
400 600 800 1000 1200 1400 1600 1800

Figure 5.3:3:A loadings plot showing plots of PC1 and PC2 together with the drug responsive and resistant

strains of bacteria Staphylococcus aureus.

Table 5.2 shows a summary of the Raman peaks and their peak and vibrational assignments for the

bacteria Staphylococcus aureus that is drug responsive and its drug resistant strain.

Table 5.2: Peak and vibrational assignment of Raman spectra of the drug responsive Staphylococcus aureus

bacteria strain and its drug resistant strain. (Gonzalez-Solis et al. 2014; Liu et al. 2017; Lu et al. 2013)
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Staphylococc | Staphylococcus | Literatur component Vibration | Reference
us aureus | aureus resistant | e (cm™) : .
: 1 assignment assignme
responsive (cm™)
(cm™) nt
- 720 714 polysaccharides | CH2Rock | Liuetal 2017
805 - 808 tyrosine C-N Luetal. 2013)
stretch
950 945 proteins C-N Liuetal. 2017
stretch
1035 - 1028 proteins C-Cring | Liuetal 2017
breathing
1320 1328 Adenine, NH: (Mungroo,
polyadenine, Oliveira, and
DNA Neethirajan
2016)
1443 - 1447 Phospholipids, CH:2 Liuetal. 2017
deformation
mode of proteins

These results have a great significance in the diagnosis of bacteria in hospitals. This is because, a rapid,
accurate and direct method of diagnosis means that the doctor shall make timely decisions in drug
prescription which shall save lives, and more specifically if it is possible to determine whether the
diagnosed bacteria are resistant to drugs makes it more easy to prescribe the correct drugs. The Raman
spectroscopy is the method that has proved to perform this task more precisely and direct when coupled

with the two statistical tools.

From literature, a cell gains resistance to drugs by modifying its structure and functions in a number of
ways (Boardman et al. 2016). For example, if a bacterial cell has encountered with an antibiotic, it will
either destroy the antibiotic, alter the antibiotic target or inhibit antibiotic permeability into the cell by
changing the components of the cell wall. The biomarker bands in the two sets of bacteria show a shift
in the peaks assigned to proteins. For instance, the drug responsive strain has the proteins assigned at
the Raman wave number 1035cm™, and this is attributed to a semi permeable membrane, while the
drug resistant strain, the protein components in the cell wall have their wave number shifted to 950cm”
! (Boardman et al. 2016). This can be attributed to a modified cell wall to possibly block the antibiotics
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from the cell cytoplasm. The DNA of the cells is also showing disparities since the Raman peak at
1320cm* which is attributed to DNA is elevated in the drug responsive strain than in the drug resistant

one. An indication that there are changes in the DNA of the cells after developing resistance traits
(Waters and Bassler 2005b).
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CHAPTER VI

6 CONCLUSION RECOMMENDATIONS AND PROSPECTS

6.1 Summary and Conclusions

This research work utilized the Raman spectroscopy in obtaining Raman spectra of the drug responsive
and drug resistant strains of bacteria Staphylococcus aureus and Neisseria gonorrhoeae. The spectra
were then analyzed with ANOVA and PCA in distinguishing between Staphylococcus aureus and
Neisseria gonorrhoeae bacteria and between the drug responsive and drug resistant strains of bacteria
Staphylococcus aureus. The analyses obtained from the ANOVA and PCA were then used to obtain

the biomarker bands that uniquely identified the bacteria.

Differentiating between Staphylococcus aureus and Neisseria gonorrhoeae, the Raman spectra
obtained were first analyzed using ANOVA. The bands that had high variance in terms of intensities
were the bands that distinguish between the two strains. These bands were compared to the PCA loading
plots which showed that the particular bands have high loading signals. These bands are centered at
800cm™ (Tyrosine), 846cm™ and 1028cm™(proteins) for bacteria Staphylococcus aureus, whereby their
vibrational assignments are C-N stretch, ring breathing and C-C breathing respectively (Lu et al. 2013).
The bands associated with Neisseria gonorrhoeae are centered at 635 cm™(tyrosine), 710 cm’
Y(polysaccharides), 941 cm(proteins), 1232 cm™(Amide 111, adenine, polyadenine) and 1320 cm
1(DNA) (Lu et al. 2013). Their vibrational assignments are the aromatic ring skeletal, CH, Rock, C-N
ring and NH: respectively. These bands can be used as the biomarker bands for identifying the two

bacteria strains.

Similarly, the Raman spectra obtained from the drug resistant and responsive strains of bacteria
Staphylococcus aureus had been analyzed using ANOVA and PCA and the biomarker bands obtained
were centered at 720cm™(polysaccharides), 950cm™(proteins) and 1320cm™(DNA) for the drug
resistant strain. Their vibrational assignments are CH2 Rock, C-C ring breathing and NH2 respectively
(Lu et al. 2013). The drug responsive one also was influenced by the bands centered at 805cm™
(proteins), 1035cm™ (proteins) and 1443cm™ (phospholipids, deformation mode of proteins), with
vibrational assignments being CH2 Rock, C-C ring breathing and NH> respectively (Lu et al. 2013).
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The results above can be significant in the current diagnostic procedures needed by clinical officers
when trying to find out the specific bacteria infection for a patient and more precisely whether the
bacteria is drug responsive or drug resistant. This information can be very crucial in bacteria diagnosis
as it reduces the time a patient has to wait before being diagnosed and thus reduce immortality and
morbidity rates in case of serious infection. In addition, instead of medical officers prescribing general
antibiotics or using patient symptoms in determining the patient’s illness, the Raman spectroscopy can
be used in bacteria diagnosis. Furthermore, the clinical officer can directly determine whether the
bacteria is responsive to drugs or not.

6.2 Recommendations and Future Prospects

There are several other kinds of bacteria that cause severe infections that even lead to serious infection
and death apart from Staphylococcus aureus and Neisseria gonorrhoeae. These include Escherichia
coli and Salmonella that cause food poisoning, Neisseria meningitides that causes meningitis,
Helicobacter pylori causing gastritis and ulcers, Streptococcal bacteria that cause a wide range of
infections like pneumonia and ear infection (Bacterial Diseases 2014), just to mention a few. Several
other types of bacteria do cause urinal tract and genital infections can be so severe and can lead to

mortality if not well diagnosed and treated with specific drugs.

This means a lot of work needs to be done in utilising the Raman spectroscopy in rapid diagnosis of
these bacteria so as to avoid severity of infection and to be precise, the medical officers need to
determine the drug responsive status of each of them. Furthermore, since we have proven that his novel
technology can detect and differentiate between a drug responsive and resistant bacteria, more research
is needed to determine the specific drug that the bacteria is resistant to. This means that the medical

officer needs to know the specific resistance of the bacteria and avoid prescribing the same drug.
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APPENDICES

Appendix 1: PCA scores plots of drug responsive Staphylococcus aureus(SA) and Neisseria
gonorrhoea (NG).

Figure 1 A: PCA scores plot of PC1 verses PC2.
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Figure 1 B: PCA scores plot of PC1 verses PC3

o .
= - IMmedian/noscale/robust — BN — Key
—_ o NG NG il LRE Sy L Pt MG
=2 | =43
_ o =ag sA1 s *®E1T
O 4 ShHGTeNET
» © oo | oned e T LS
o ==t
8 o~ — L LLkexs] sNCE -
& o | L L el MET: g o
(4 ) 5 *HE10
O < = NG
D_ —]
-
= 505
L]
! I I I I I
-0.04 -0.02 0.00 0.02 0.04

PC1 score (27%)

Figure 1 C: PCA scores plot of PC2 verses PC3
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Appendix 1: PCA scores plots of drug responsive Staphylococcus aureus(SA) and its drug
resistant strain.

41



Figure 2 A: PCA scores plot of PC1 verses PC2.
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Figure 2 B: PCA scores plot of PC1 verses PC3.
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Figure 2 C: PCA scores plot of PC2 verses PC3.

42



PC3 score (15%)

0.00 0.04

-0.04

1 M median/noscalerobust Key
SA
— ooz
S8 51
s *5AT
— WA
BSAT SArT
| SArS
I I I I I I
-0.06 -0.04 -0.02 0.00 0.02 0.04

PC2 score (15%)

43




Checked and approved.
Dr. Birech Zephania ‘
Ms 12/09/2023

'

ORIGINALITY REPORT

9. Qs 2% O

SIMILARITY INDEX INTERNET SOURCES PUBLICATIONS STUDENT PAPERS

PRIMARY SOURCES

erepository.uonbi.ac.ke:8080 60
Internet Source %o

erepository.uonbi.ac.ke 3%

Internet Source
Certified. MMZ) 4/10/2023

CHAIRMAN, DEPARTMENT OF PHYSICS

Exclude quotes Off Exclude matches <2%

Exclude bibliography On

44


user
Typewritten text
Certified.                                      4/10/2023

CHAIRMAN, DEPARTMENT OF PHYSICS


