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Abstract

The doctoral dissertation presents a series of studies that aim to find a spectral image
of selected disease entities using surface-enhanced Raman spectroscopy (SERS) and
chemometric methods. SERS analyses performed in a label-free variant provided
information about spectral changes caused by a given type of infection directly from the
recorded SERS signal of a clinical sample. The reagentless procedure that does not require
additional modification of the analyte can significantly reduce the risk of errors and the work

and time involved.

As part of the research, one established the procedure for preparing clinical materials
and the SERS measurement conditions using pre-optimised plasmonic nanostructures. An
important element of the work was the comprehensive spectral characterisation of the control
and experimental groups in relation to the considered disease entity. The assistance of
chemometric methods provided insight into the correlation between data and identification
of marker bands having diagnostic significance. Calibration models were created based on
the properly defined classes, and their performance was tested at the stage of external

validation simulating actual diagnostic conditions.

The first part of the research was devoted to the SERS analysis of bacteria from
Neisseria spp., and urethral discharge in the context of gonorrhea recognition. The obtained
data constituted a catalog of SERS spectra of microorganisms (reference data). Then, based
on it, the unknown strain cultured from the clinical sample was correctly identified as
Neisseria gonorrhoeae using its unique spectral image (the so-called ‘fingerprint’). In the
analysis of the urethral discharge, the experimental group related to the control one,
exhibited different spectral character in the entire range. The appearance of new bands
(especially the one at 724 cm™) indicated the certain contribution of pathogens in SERS
signal formation. These differences are significant for identifying infections directly from
SERS spectra of clinical samples. The chemometric analysis also indicated high accuracy in
classifying external samples, i.e. 89% for SIMCA and 100% for PLS-DA.

The next section concerns the spectral characterisation of Candida spp. and bacteria
of particular importance for the development of vaginal infections. The SERS spectra of
microorganisms present the contribution of individual components, e.g. chitin, glucagon,

and mannoproteins for Candida spp. and lipids, phospholipids, and proteins for bacteria.




The spectral variability was particularly observed for the clinical samples taken from women
with abnormalities within microflora and biochemistry of the swab. The comprehensive
analysis resulted in establishing the control group that provides an excellent basis for the
diagnosis of VVC infection from the SERS spectra of the analysed clinical sample. The
PLSR method visualized the clear differences between the two considered classes (control
and VVC). It also revealed marker bands identified as those belonging to microorganisms
(727, 1003, 1125, 1258, 1331, 1455, and 1670 cm ™) and components of the swab, i.e. amino

acids, proteins, saccharides, lactic acid (669, 891, and 1047 cm™).

The third section of the study concerns the analysis of saliva and nasopharyngeal
swabs in terms of COVID-19 diagnosis. The chemometric methods extracted differential
spectral information such as: for CoV(+) saliva — the elevated levels of methionine, nucleic
acids, proteins (e.g., ferritin) and immunoglobulins and for CoV(+) nasopharyngeal swabs —
neopterin. Among all the tested methods, SVMC provided the best performance in the
classification of external samples, achieving 90 % accuracy and 100 % sensitivity for saliva

and 75 % accuracy and 88 % sensitivity for nasopharyngeal swabs.

The results presented in the doctoral dissertation indicated the competitiveness of the
SERS technique compared to those currently accepted methods. It is also worth noting that
the research was performed using a portable Raman spectrometer, which is a great advantage

for point-of-care diagnostics.
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Abstrakt (polish version)

Niniejsza rozprawa doktorska przedstawia seri¢ badan przeprowadzonych w celu
znalezienia spektralnego obrazu wybranych jednostek chorobowych z wykorzystaniem
powierzchniowo wzmocnionej spektroskopii Ramana (ang. Surface-enhanced Raman
spectroscopy — SERS) oraz metod chemometrycznych. Analiza SERS zostata wykonana w
wariancie bezznacznikowym (tzw. label-free) w ktorym informacje o zmianach spektralnych
wywolywanych danym typem infekcji pochodza wprost z zarejestrowanego sygnalu SERS
probki klinicznej. Procedura oparta na braku koniecznos$ci uzycia odczynnikow oraz
dodatkowej modyfikacji analitu pozwala zmniejszy¢ ryzyko popeianych btedéw oraz

ograniczy¢ naktad pracy i czasu.

W ramach przeprowadzonych badan opracowano procedure przygotowania probek
Klinicznych oraz ustalono warunki pomiarowe analiz SERS z wykorzystaniem uprzednio
zoptymalizowanych nanostruktur plazmonicznych. Istotnym elementem pracy byta rowniez
kompleksowa charakterystyka spektralna grupy kontrolnej i eksperymentalnej pod katem
rozwazanej jednostki chorobowej. Analiza otrzymanych widm z wykorzystaniem metod
chemometrycznych zapewnita wglad w korelacje migdzy danymi oraz identyfikacje pasm
markerowych majacych znaczenie diagnostyczne. Na podstawie odpowiednio
zdefiniowanych klas stworzono rowniez modele kalibracyjne, ktorych wydajnosé
przetestowano na etapie walidacji zewnegtrznej symulujacej rzeczywiste warunki

diagnostyki.

Pierwszg czes$¢ badan poswiecono analizie SERS bakterii z rodzaju Neisseria spp.,
oraz wymazom z cewki moczowej w kierunku rozpoznawania choréb wenerycznych.
Uzyskane dane stanowity katalog widm SERS mikroorganizméw (dane referencyjne).
Nastgpnie na tej podstawie wyhodowany z probki klinicznej szczep zostal poprawnie
zidentyfikowany jako Neisseria gonorrhoeae wykorzystujac jego unikatowy obraz
spektralny (tzw. ,,odcisk palca”). W analizie wymazoéw z cewki moczowej grupa badana
wykazala odmienny charakter spektralny wzgledem grupy kontrolnej w calym
analizowanym zakresie. Pojawienie si¢ nowych pasm (szczegdlnie 724 cm™?) wskazato na
zdecydowany udzial patogenéw w tworzenie sygnatu SERS. Stanowi to podstawe do
rozpoznawania infekcji wprost z widm SERS probek klinicznych. Dla utworzonych modeli
kalibracyjnych otrzymano wysoka doktadnos¢ w klasyfikacji probek zewnetrznych tj.: 89 %
dla SIMCA oraz 100 % dla PLS-DA.
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Kolejny rozdziat pracy dotyczy spektralnej charakterystyki grzybow z rodzaju
Candida spp., a takze bakterii majacych szczegdlne znaczenie dla rozwoju infekcji
intymnych. Zarejestrowane sygnaly SERS mikroorganizméw prezentuja udziat
poszczegolnych sktadnikéw obecnych w ich strukturze np.: chityna, glukagon oraz
mannoproteiny dla Candida spp. oraz lipidy, fosfolipidy, proteiny dla bakterii. Analizie
SERS zostaly réwniez poddane probki kliniczne dla ktérych zaobserwowano zmienno$¢
spektralng powstatg na skutek zaburzen w obrebie mikroflory i biochemii wymazu. Na tej
podstawie ustalono grup¢ kontrolng stanowigcg doskonatg podstawe dla rozpoznawania
infekcji VVC z widm SERS analizowanej probki. Metoda PLSR wskazata na istnienie
wyraznych r6zni¢ miedzy dwiema analizowanymi klasami. Pozwolita réwniez ustali¢ pasma
markerowe, ktore zidentyfikowano jako te nalezace do mikroorganizméw (727, 1003, 1125,
1258, 1331, 1455 oraz 1670 cm™) oraz sktadnikéw wymazéw tj.: aminokwasy, biatka,
sacharydy, kwas mlekowy (669, 891 oraz 1047 cm™2).

Trzecia czeSci badan dotyczy analizy §liny 1 wymazow z nosogardzieli w aspekcie
rozpoznawania infekcji COVID-19. Zastosowane metody chemometryczne pozwolity na
wydobycie roznicujgcej informacji spektralnej — dla $liny CoV(+) odnotowano
podwyzszony poziom metioniny, kwasow nukleinowych DNA/RNA, biatek (np.: ferrytyna)
oraz immunoglobulin, a dla wymazéw z nosogardzieli CoV(+) zaobserwowano istotny
wplyw neopteryny. Sposrod testowanych metod z nadzorem, SVMC zapewnita najlepsza
klasyfikacj¢ probek zewnetrznych osiggajac doktadnos¢ 90 % oraz czutos¢ 100 % dla analiz

$liny, a takze doktadnos¢ 75 % oraz czutos¢ 88 % dla wymazow z nosogardzieli.

Wyniki przedstawione w rozprawie doktorskiej wskazuja, ze technika SERS w
potaczeniu z metodami chemometrycznymi jest konkurencyjnym rozwigzaniem
diagnostycznym dla metod obecnie przyjetych. Warto réwniez zaznaczyC, ze badania
zostaly wykonane przy uzyciu przenosnego spektrometru Ramana, co stanowi ogromng

zaleta dla diagnostyki wykonywanej w punkcie opieki.
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Glossary

BV
Coinf.
CoV(-)
CoV(+)
CT

EF

FN

FOM

FP
Gon(-)
Gon(+)
IC

IFP
LDA
LSPR
LVs
MRS
NAATS
NIPALS
NPs
PCA
PCs
PCA-LDA
PCR
PLS-DA
PLSR
PNPs
POC
chal
R%e
RMSEC
RMSECV
RT-PCR

SARS-CoV-2

SERS
SIMCA
STDs
SVM
SVMC
SIN
N

TP

VF
VVC
YPD

bacterial vaginosis

coinfection

COVID-19 negative patient samples
COVID-19 positive patient samples
charge transfer

enhancement factor

false negative

figures of merit

fertile phase, false positive

gonorrhea negative patient samples
gonorrhea positive patient samples
infected cohort

infertile phase

linear discriminant analysis

localized surface plasmon resonance
latent variables

de Man-Rogosa-Sharpe agar

nucleic acid amplification tests
non-linear iterative partial least squares
nanoparticles

principal component analysis

principal components

principal component analysis-linear discriminant analysis
principal component regression

partial least-squares discriminant analysis
partial least-squares regression
plasmonic nanoparticles

point-of-care

R-squared (calibration)

R-squared (cross-validation)

root mean square error (calibration)

root mean square error (cross-validation)
real-time polymerase chain reaction
severe acute respiratory syndrome coronavirus 2
surface-enhanced Raman spectroscopy
soft independent modelling of class analogy
sexually transmitted diseases

support vector machine

support vector machine classification
signal-to-noise ratio

true negative

true positive

vaginal fluid

vulvovaginal candidiasis

yeast peptone dextrose agar
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Chapter 1 Introduction

Chapter 1
Introduction

1.1 Discovery of the Raman effect

The Raman effect was first observed in 1928 by Indian physicist Sir Chandrasekhara
Venkata Raman [1]. The motivation for conducting light scattering research was to
understand the blue colour of the Mediterranean Sea. In 1930, he was awarded the Nobel
Prize in Physics for his work on light scattering and the discovery of the phenomenon named
after him — the Raman effect. Over the next 30 years, Raman experiments were based on
large-volume and specially prepared samples to avoid any undesired effects, e.g. from
impurities or fluorescence. The long integration time meant that spectrum acquisition took
several days. The experiments were conducted using photographic plates, Hg lamps, and

prism spectrographs [2,3].

Initially, physicists were deeply involved in understanding the Raman effect, resulting
in hundreds of articles within the first seven years of discovery. Then, chemists began to
take the interest, seeing in this technique new analytical possibilities. As James Hibben
rightly noted, ‘The Raman effect became the adopted child of chemistry’. By the late 1930s,
the Raman effect had evolved into a leading method for the non-destructive analysis of
inorganic and organic compounds with the unusual advantage of implementation to aqueous

solutions [4].

1.2 The effect of light scattering

The primary forms of interaction between electromagnetic light and matter are
absorption, emission, and scattering. In absorption, a molecule undergoes a transition
process as a result of energy transfer between an initial and a posterior state. Depending on
the energy of the incident light, the absorption process can occur at the rotational, vibrational,
and electronic levels. Absorption occurs only when the energy of the incident photon is
matched to the difference in energy levels. In the event of an energy mismatch, the light is

scattered, and the molecule enters virtual state. Figure 1A presents the distribution of energy
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Chapter 1 Introduction

levels, including electronic (ground and excited), vibrational states, and virtual ones created

at the time of laser incidence [3].

A) Rayleigh scattering

Electronic
— excited
state

____________ virtual state

m\nmdenl + o -
\/\A scattered
\ AVAVA" —
\ / Electronic
\ / Vibrational — ground
— energy state
\ v /I AE levels
B) Stokes scattering Q) Anti-Stokes scattering
Y N virtual state R virtual state
incident o
V\A Wgcattered (Stokes) m{e}‘v\ O ottered (ant-Stokes)
\ AVAVA" \ /N
\ L 4 / \ /
\|_/ | A \ v /laE

Figure 1 The energy transfer process in A) Rayleigh scattering but also B) Stokes and C) Anti-Stokes
Raman scattering. The original drawing inspired by [3].

As a consequence of different energy expenditures, the effect of scattering can happen
in two ways. When only the electron cloud is distorted, the Rayleigh scattering is formed. In
this elastic process of light scattering, there is no change in photon energy (E=Eo). The

energy of incident and scattered light remains the same (Figure 1A) [5]. When the vibrational
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states of a molecule experience change (excitation or deactivation), the energy is transferred
from the molecule to the photon or vice versa. This inelastic process of light scattering,
known as Raman scattering, is the basis of Raman spectroscopy (Figure 1B and Figure 1C).
The direction of energy transfer between the incident photon and the molecule means that

Raman scattering can take two forms: Stokes and anti-Stokes scattering.

In Stokes scattering, the interaction with the incident photon increases the energy of
the molecule. Consequently, the scattered photon has lower energy than the incident one by
the value of the energy difference between vibrational levels (AE=Eo-Eosc). The molecule is
elevated from the ground state to the excited vibrational level (Figure 1B). In anti-Stokes
scattering, the molecule, being at the excited vibrational state releases its energy and is
transferred to the lower energy state. The scattered photon has higher energy than the
incident one (AE =Eo+Eosc) (Figure 1C) [3,6]. Thus, the scattering phenomenon is a two-
photon effect that follows from quantum rules. First, the photon is absorbed into its virtual

state and then emitted, resulting in a photon of the same, lower, or higher energy [7].

1.3 Theoretical fundamentals of Raman spectroscopy

Under the influence of incident electromagnetic light, the atoms of a molecule become
polarised, i.e. the negative charge is shifted from the atomic nuclei [8]. The induced electric
dipole moment is proportional to the intensity of the electric field with the proportionality

constant as the polarizability, according to the equation [9]:
f=a- E (1.1

where: ji — the induced electric dipole moment,

a — polarizability tensor,

E — electric field strength.

Since the polarizability tensor is additionally affected by the normal oscillation, the
induced dipole moment is also modulated by the oscillation in question. For elastic scattering
(Rayleigh), the polarizability can be seen as static, which does not change with time, so the
frequency of the scattered electromagnetic wave is the same as the frequency of the external

electromagnetic wave. For inelastic scattering, the polarizability tensor is changed during
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the vibration, i.e. electron density is adjusted to the nuclear motions [7,8]. Hence, the time-
dependent induced dipole moment can be expressed as:

o 1 /0a - 1/0a - (1.2)
U= QyEgcoswot + —(—)| “qoEg cos(wg — wp)t + —(—)| “qoEo cos(wg + wg) t .
—_— 2 aq _ 2 aq _
q=0 q=0
term 1 term 2 term 3

This equation presents the dependency of the polarizability a from the nuclear motion
q according to Taylor expansion series around the nuclear equilibrium position g=0. The
induced electron dipole moment i oscillates at three different frequencies: wq, wy — wg,

Wy + Wg.

The first term of eq. (1.2) is related to the Rayleigh scattering, when the induced dipole
oscillates with the same frequency as the driving electric field. The second and third terms
of eq. (1.2) describe the oscillations of modulated frequencies (the Raman scattering), i.e.
the difference or sum frequency between the external electromagnetic field (wo) and the
frequency of the vibrational mode (wr). The second term of eq. (1.2) refers to the Stokes
scattering resulting in the formation of the photon with smaller energy than the incident one
and the excitation of vibration modes of the molecule. The photon is red-shifted in frequency
in comparison to the light source. The third term of eq. (1.2) refers to the anti-Stokes
scattering resulting in the formation of the photon with higher energy than the incident one
and the deexcitation of vibration modes of the molecule. The photon is blue-shifted in

frequency compared to the light source [8].

The processes involving induced dipole moment (expressed in equation 1.2) lead to
the formation of Rayleigh band and sidebands (Stokes and anti-Stokes) associated with
inelastic scattering that represent the vibrational frequencies of a molecule. Figure 2 presents

the mentioned bands based on the example of the Raman spectrum of aspirin [8].
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Stokes Rayleigh line anti-Stokes
4\ Ef Virtual state A
Radiative El A E 1

> emission
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2]

S ) Vibrational states {
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e | ' ] 3
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Figure 2 Band diagrams of the Raman effect representing Rayleigh line and sidebands such as Stokes
(red-shifted) and anti-Stokes (blue-shifted) ones. The Raman spectrum of aspirin [10].

Raman spectroscopy plots the intensity of the Raman signal versus the frequency shift
of the Raman signal in relation to the excitation source (Raman shifts / cm™) [5]. The integral
intensity of Raman scattering depends on the fourth power of the frequency of scattered light

and the magnitude of the change in molecular polarization, which is expressed as follows:

5 2
Ins = Iy (wo + wg)*- ( a>| (13)
aq q:O

The (1.3) equation expresses directly the condition where the given vibration is

Raman-active:
da
(£)| _#0 (14)

Thus, Raman scattering occurs only when at least one component of the polarizability
tensor is changed during the normal oscillation [11]. As each particle has a non-zero value
of polarisability, it always scatters light in a Rayleigh-like manner and not necessarily in a

Raman manner [7].

Although the two terms of equation 1.2 related to Stokes and anti-Stokes frequency
are symmetric, their relative intensities are not equal. This is associated with the Boltzmann
statistic, in which the probability of a photon encountering an already excited molecule is
lower. Consequently, Raman scattering associated with Stokes processes is favored,

resulting in more intense bands in the Stokes region [3,5].
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1.4 Raman-based techniques — towards enhancing the
Raman signal

Raman spectroscopy, as a branch of vibrational methods, probes specific oscillations
in the material under analysis [12]. Spectra are composed of an appropriate sequence of
specified bands and constitute the molecular representations of the analyzed individuum.
The specific composition of the materials determines the creation of equally unique spectral
signals, which provide insight into their molecular composition. These Raman signals acting

as “fingerprints’ are the basis of qualitative analysis [13].

A number of significant advantages (i.e., the analysis of a whole range of materials
unrestricted to their phase or the non-contact nature of testing) make Raman spectroscopy
appreciated in many research areas. Naturally, Raman spectroscopy also has several flaws.
Beyond the fluorescence and possible material destruction, the limiting feature is the
efficiency of the Raman effect itself. As one photon per million experiences inelastic
scattering, the method's sensitivity can be insufficient, especially when testing materials at

low concentrations [14].

To meet the ever-increasing demands for more advanced analyses, scientists began to
streamline and improve Raman method. The contribution has resulted in 25 related
techniques that solve problems encountered in Raman spectroscopy. One of them is tip-
enhanced Raman spectroscopy. This method, which arises as a combination of Raman
spectroscopy and scanning probe microscopy, delivers topographical and spectral
information. The coherent anti-stokes Raman scattering improves the sensitivity by five
orders of magnitude compared to spontaneous Raman. The adopted lower laser line makes
this technique act non-invasively for sensitive biological systems. Femtosecond stimulated
Raman spectroscopy enables tracking vibrational structural information with unprecedented
temporal precision (below 50 fs) and spectral resolution (10 cm™). The confocal Raman
microscopy provides high spatial resolution and clear image quality. Hence, it can be utilized
to study the molecular composition of layered systems. The enhancement of the Raman
signal can also be achieved by implementing plasmonic nanostructures. Such a modified

technique is called surface-enhanced Raman spectroscopy (SERS) [13,15,16].
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1.5 Surface-enhanced Raman spectroscopy (SERS)
1.5.1 SERS phenomenon

The origin of SERS dates back to the early 1970s when scientists attempted to measure
vibrational spectra from monolayers deposited on substrates. At the time, such experiments
were unimaginable due to the weak Raman scattering. However, in 1974, Martin
Fleischmann published an article reporting the formation of a strong signal of pyridine
molecules adsorbed on a rough silver surface [17]. In this experiment, the authors subjected
the silver electrode to sequential cycles of electrochemical oxidation and reduction so as to
increase the surface area and, thus, the number of illuminated molecules. Indeed, surface
expansion was the first accepted explanation. The subsequent studies of van Duyne indicated
that additional effects must have accompanied the signal enhancement, and roughness is not
the only issue. Consequently, in 1977, the independent research of two groups led to the
formulation of two mechanisms of Raman signal amplification — the increase of
electromagnetic field on metallic nanostructures (by Jeanmarie and van Duyne) [18] and
charge-transfer complex (by Albrecht and Creighton) [19]. Over the years, these two
mechanisms have been extensively investigated, becoming known as electromagnetic (EM)
and chemical (CT) enhancement [20]. Figure 3 illustrates the SERS phenomenon in which
the incident light strikes the molecule adsorbed onto nanostructured particles, resulting in

the emission of scattered light (Stokes and anti-Stokes).

Incident

%l'ght Stokes
Anti-Stokes

Figure 3 SERS phenomenon where the incident light strikes the molecule being adsorbed onto

nanostructured particles, resulting in emitting radiation with a lower (red) and a higher (blue)
frequency than the incident light, known as Stokes and anti-Stokes, respectively [21].
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The electromagnetic theory involves the presence of two mechanisms of signal
amplification: the initiating — local field (or near field) enhancement and the latter — re-
radiation enhancement [22]. When the incident light strikes the metal surface, the
electromagnetic field drives the delocalized conduction electrons to collective oscillations.
The incidence of a laser beam with a resonance frequency corresponding to that of the
electrons leads to the LSPR (localized surface plasmon resonance) process (Figure 4A). The
term ‘localised’ refers to the fact that in metallic nanostructures, the electron oscillations are
spatially localised in three dimensions of finite size and do not propagate. The nanoparticles
that provide a strong LSPR effect are called plasmonic nanoparticles (PNPs). In the case of
the visible and near-infrared region, the resonance frequencies fall into the range of Ag, Au,
and Cu, making them appropriate materials [23]. The electromagnetic field experienced by
molecules located on such plasmonic nanostructures is stronger compared to a field where
the particle is not embedded. Also, Raman scattering is more effective under this condition.
Since, at both stages, the enhancement is proportional to the square of the electromagnetic

field, the total gain is proportional to the fourth power of the field [22].

The strength of the local field is highly dependent on the distance between the
molecule and the metal surface. The inverse correlation implies that the SERS signal
decreases when the distance increases. However, molecules not being in direct contact with
the surface are still able to experience the enhanced electromagnetic field from the PNPs.
The highest efficiency can be achieved for the interaction range of 1 — 10 nm between the
molecule and the surface. In relation to the CT mechanism, the EM mechanism is called

long-term and provides the strongest enhancement around 10%° [22,23].
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Figure 4 The mechanisms of signal enhancement in SERS spectroscopy A) electromagnetic effect -

Metal «— Molecule < Semiconductor

the localized surface plasmon resonance contribution and B) chemical effect - charge-transfer
contribution; picr - the CT transition, red and white circles represent molecular orbitals, HOMO -
highest occupied molecular orbital, LUMO - lowest unoccupied molecular orbital, Er - Fermi level,
CB - conduction band, VB - valence band [21].
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According to chemical theory, signal enhancement is achieved through a charge
transfer (CT) process involving the Fermi level of the metal and the HOMO/LUMO orbitals
of the adsorbed molecule (Figure 4B). The direction of the CT transition (ucT) depends on
the laser energy, molecule, and material and can have a dual form, i.e. molecule-to-metal or
metal-to-molecule. As a result of mentioned interaction, the photoinduced electron can be
excited from the HOMO orbital of the molecule and transferred to the Fermi level of metal
or excited from the Fermi level of the metal and transferred to the LUMO orbital of the
molecule. For semiconducting materials with a full valence band and an empty conduction
band, the energy gap between them serves as the Fermi level of plasmonic NPs in the CT
process [21]. The consequence of these processes is the modified electronic and geometric
structure of the molecule and its polarizability as well. The Raman cross-section of the
vibrational mode is also altered compared to the free molecule. The chemical enhancement
is at the level of 10 — 10* and depends on the molecule type. Although the amplification so
generated is smaller than the one that occurs according to the electromagnetic mechanism,
it is also vital as it determines the spectral pattern (Raman shifts, ratios). Chemical

amplification operates at the level of several Angstroms and is called short-term [21,22].

A particularly large enhancement effect is observed for small spatial regions of the
plasmonic nanostructures, called ‘hot-spots’. They are located at the tips of elongated
particles (nanorods) but also in gaps between nanoparticles, with the latter being favored for
higher enhancement. The phenomenon of maximum enhancement in nanogaps can be
explained based on Figure 5, which illustrates a molecule localized between two metallic
spheres (dimer). The electric field polarises the nanoparticles, generating an excess of
negative and positive charge distributed on opposite sides. In the case of polarization along
the main axis (Figure 5A), the space between the induced surface charges is reduced, and
the electric field between them increases as the nanoparticles approach each other. Hence,
the reciprocal interactions of nanoparticles increase their polarizations. Consequently, the
nanoparticle experiences the effect of the electric field, which is additionally amplified by
the polarizing effect of the charges induced in the vicinity of the nanoparticle. This effect
cannot be achieved when the electric field is polarised perpendicular to the principal axis
(Figure 5B). In this configuration, the long-distance separation of such oriented, induced
dipoles is not conducive to their reciprocal amplification under gap reduction [22]. In this
aspect, theoretical studies comparing the enhancement factor (EF) for free and dimer forms

of AgNPs were interesting. The results showed that the single Ag dimer with ~2 nm gap is
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able to generate the enhancement equal to that of tens of thousands of single PNPs, and even
the subsequent decreasing size gap results in increasing enhancement factors. These studies

proved the importance of nanogaps in creating signal amplification [24].
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Figure 5 Two nanoparticles (dimer) polarized by the external electric field Eo and separated by a
distance d with a molecule located inside the formed gap. The polarization can be oriented A) along
the main axis or B) perpendicularly to the main axis. The original drawing inspired by [22].

1.5.2 SERS substrates

The nanomaterials exhibiting LSPR properties that provide the enhancement of Raman
signal are termed SERS substrates — mainly silver and gold but also copper and aluminum
[22]. SERS substrates condition the SERS performance and play a key role in achieving high
sensitivity and reproducibility in SERS detection. The ideal SERS substrates should meet
certain characteristics. In addition to the magnitude of signal enhancement, high stability,
adequate reproducibility, and affordable and simple production are also desirable features
[20].

One of the categories of SERS substrates constitutes nanoparticles in suspension.
These can be prepared via wet chemical synthesis (the reduction of Ag or Au ions in solution
with reducing agents, e.qg. citrate or sodium borohydride). This method enables the synthesis
of nanoparticles with controlled size and morphology, e.g. nanospheres, nanorods, nanostars,

nanocubes, or nanotriangles.

The nanoparticles can also be immobilized on a solid structure. According to one of
the strategies, the solid substrate (e.g., silicon, quartz, or glass) is functionalized with

bifunctional molecules that contain a pendant functional group, typically —-HN2, —SH, -CN
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(very often used is 3-(trimethoxysilyl)propylamine). Then, such a substrate is immersed in
a solution with colloidal nanoparticles which are immobilized on the surface via the pendant
group, making a very strong connection. The bifunctional molecule has a small Raman cross-
section and is placed beneath the nanoparticles rather than between them, effectively
preventing interference with the signal of analytes. This method offers the creation of
substrates with a larger surface area (~ cm?) and enhancement factor of ~10*[20].

Recent advances in nanofabrication techniques led to a broad range of SERS
substrates. Nanolithography and all the lithography-based patterning techniques, which are
part of top-down methods, provide the fabrication of highly ordered metallic nanostructure
arrays. For example, in e-beam lithography, the narrow beam of electrons is focused and
accelerated towards a thin layer of exposure-sensitive resist material coated on the substrate.
This process leads to the modification of chemical properties of the resist layer (e.g.,
solubility). Then, the patterned resist is used as a mask in the etching or deposition processes
to create nanostructured metallic pattern. Although top-down methods enable the controlled
formation of well-ordered periodic nanostructures with the pattern of interest, they require
an additional step. As most of the fabricated materials are SERS-inactive, they have to be
further decorated with SERS-active metal to create the plasmonic structures responsible for
signal enhancement. There are several methods of metal deposition, such as electroless
plating, electrodeposition, electrophoresis or colloidal coating technique, and physical
vapour deposition. It is worth noting that the deposition process can also be needed for

structural amendments associated with the nanogaps formation [25].

An important parameter for evaluating SERS substrate performance is the
enhancement factor (EF). This parameter describes how much more signal is expected under
SERS experiments compared to equivalent Raman experiments. The EF is a valuable
parameter for specifying the performance of SERS substrates. Depending on the intended
use, there are two conceptually different approaches for EF representation. In the first case,
the EF is specified as the highest enhancement for a molecule localized in a ‘hot-spot’. The
second case refers to the average amplification from the whole surface area [22,26].

The EF, which may be of practical significance, is expressed as:

I N
EF = sers/ Nsers

IRaman /NRaman

(1.5)
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where: Isers and lraman — the SERS and Raman signal intensities of the same analyte
measured under the same conditions,
Nsers and Nraman — Nnumber of molecules illuminated by laser in SERS and Raman

experiments.

Experiments have to be performed under the same conditions to obtain reliable results.

Typically, for experiments with single molecules, EF takes values 10% — 10'°[26].

1.5.3 Application of SERS

Compared to normal Raman spectroscopy, the main characteristic of SERS is an
increase in Raman intensity at the level of several orders of magnitude. Such a discovery of
overcoming the low Raman scattering placed SERS at the center of attention in many areas
of sensing, e.g. physics, chemistry, materials, and biomedicine. Signal enhancement, which
is inherently built into SERS spectroscopy, enables the examination of substances at low
concentrations or even single molecules. The signal-to-noise (S/N) ratio is also improved.
Despite the increased intensity, SERS maintains valuable Raman spectroscopic features such
as fingerprint-like information of the structure and a non-destructive and label-free nature.
SERS utilizes the same equipment as Raman spectroscopy does and benefits from its
advances in technology and instrumentation [27,28].

The mentioned features expand the horizon of SERS as an analytical tool for various
applications. Nowadays, quality control and food safety are highly prioritized [29]. This area
includes monitoring the freshness and internal components [30] as well as testing for the
presence of metal ions [31], microorganisms [32], pesticides [33], and antibiotics [34]. In
each of these aspects, SERS proved to be an appropriate tool. For example, Radu et al.
demonstrated the detection of vitamin B2 and B12 in fortified cereals [35]. Dugandzi¢ et al.
developed a molecular dipicolylamine-based SERS sensor for the selective detection and
quantification of copper (Il) ions in water and white wine [36]. Camerlingo et al. designed
glass slide substrates decorated with AuNPs to analyze apple/pear pulp and apple juices for
fructose and pectin content, components of great importance for quality assessment [37].

SERS can also be used to identify natural dyes and glazes, often found in art materials,
e.g. oil paintings [38], pastel paintings [39], and even textiles [40]. Generally, the analysed

dye is incubated with Ag colloids and then is recognized by comparing with the reference,
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so-called pattern-matching identification. Hence, in the art domain, SERS offers to render
the initial colours of a faded painting, to trace the origin of the dyes and thus the history of
the artwork, and to authenticate the work by comparing it with other works by the same

artist. SERS also enables the recognition of counterfeit goods and currencies [41].

The unprecedented features have made SERS conquer new research fields, e.g. the
identification of explosives and chemical warfare agents. The studies of Yang et al. proved
that the specially designed sensor based on p-aminothiophenol-functionalised silver
nanoparticles coated on silver molybdate nanowires could detect trace amounts of 2,4,6-
trinitrotoluene with very high sensitivity and selectivity. With the continuously evolving
technology, SERS can be a convenient tool for in situ hazard identification, being an
essential technique for increasing safety [42,43]. SERS is highly advantageous for
monitoring environmental pollution. With its ultrahigh sensitivity and ability to perform

analyses in the field, SERS is well-placed to be regarded as a leading tool [44].

Throughout the years of research in manifold aspects, SERS evolved into an
interdisciplinary technique. Of particular interest is the application of SERS for biomedical

and biological purposes.

1.5.4 Biomedical application of SERS

There are two methodologies of SERS-based measurements performed in the aspect
of biological and biomedical applications, i.e. direct and indirect (Figure 6). Direct strategy
is oriented towards obtaining the vibrational information about the analysed system through
the direct interaction between molecules and the SERS substrate. This label-free approach
benefits from the original SERS feature, where information about the molecule is carried in
the form of a unique spectral fingerprint (Figure 6A). In the indirect strategy, the SERS
substrate is functionalized with a targeting moiety that can selectively recognize and bind to
the molecule of interest. The capturing molecule is usually an antibody, an aptamer, or a
nucleic acid sequence. The information about the target molecule is carried via Raman
reporter, most often a dye or a sulfo-derivatives of the aromatic series. These chemical
molecules with rather large scattering cross-sections result in a strong and distinctive signal

enabling ultra-sensitive detection (Figure 6B).
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Although both approaches can bring undesired effects from the matrix, well-designed
can lead to high selectivity and sensitivity. With the indirect approach, obtaining molecular
information about the target biomolecule itself is impossible. In turn, the direct one is
susceptible to any changes in the environment of the analysed biomolecule. Hence, the
choice of strategies should be considered and tailored to the purpose of the research, e.g. in
the case of an indirect approach, whether it is justified to add additional complexity to the
experiment and associated costs to capture the target in a mixture that may not necessarily
complicate the SERS signal [23,45].

a) Direct detection b) Indirect detection
(detection of bioreceptor molecule) (detection of target molecule)
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Figure 6 Two strategies of SERS detection: A) direct, the signal comes directly from the analysed
molecules, and B) indirect, the nanoparticles are bound to the Raman reporters and then
functionalized with targeting moiety, which specifically binds with the target [45].

The label-free strategy was utilized to study (macro-) biomolecules ranging from
amino acids and proteins, through bases and nucleic acids, to metabolites in living cells. Of
interest was the research of Han et al., who designed the ‘Western SERS’ analytical
procedure comprising protein electrophoresis, Western blot, colloidal silver staining, and
SERS detection. This method successfully detected the myoglobin and bovine serum
albumin on a nitrocellulose membrane [46]. Then, Ren’s group developed the iodide-
modified Ag nanoparticles method (Ag IMNPS) to examine proteins in their native state. In
this approach, silver nanoparticles significantly enhanced the Raman signal. The coated
iodide layers served as a barrier to prevent the direct interaction between the metal surface
and proteins, maintaining their native structure. This method was tested on typical proteins
(avidin, lysozyme, bovine serum albumin, cytochrome c, and hemoglobin) for which highly

reproducible spectra were obtained [47].
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Another class of investigated biomolecules is microRNAs (miRNA). Their detection
has significant diagnostic value as they are recognized as regulators of gene expression that
can serve as potential disease biomarkers. Driskell et al. fabricated silver nanorod arrays
using oblique angle vapor deposition method to analyze miRNAs efficiently. This highly
sensitive approach with sequence-dependent detection opens the possibility of classifying
miRNA patterns with high accuracy [48].

The application of SERS for nucleic acids is usually based on the indirect approach
for detecting and quantifying target strands. In this approach, the thiolated DNA forms are
covalently attached to the plasmonic surface, and the intensity of the Raman label is changed
upon the hybridization event. The direct analysis of DNA encounters difficulties due to the
poor spectra reproducibility that hinders DNA detection. Scientists, driven by the desire to
improve DNA detection in a label-free format, have put much effort into developing this
issue [49]. One of the interesting studies in this aspect was investigating the role of the
metal/liquid interface composition of silver colloids. The group of Guerrini analysed the
commonly used plasmonic substrates (positively-charged spermine-coated nanoparticles
and negatively-charged hydroxylamine-reduced and citrate-reduced silver colloids) and
DNA probes of increasing complexity (from homopolymeric strands to genomic DNA
duplexes). They documented that even the apparent minor changes in the chemistry of
colloidal surfaces influence the affinity and the final SERS responses of single- and double-
stranded DNAs [50].

SERS has also been tested to monitor diabetes in a rapid and minimally invasive
manner. Douglas et al. developed the SERS-based sensor for the quantitative analysis of
glucose in a model rat. The silver film over the nanosphere (AgFON) surface was
functionalized with self-assembled monolayers (SAMSs) that improve the signal from the
analyte by partitioning glucose and localizing it within the first few nanometers of the SERS-
active surface. Consequently, they presented the first in vivo application of SERS for glucose
detection [51].

In medicine, SERS is also highly regarded for its ability to perform oncological
imaging to detect cancerous tissue and distinguish it from normal ones. The imaging allows
for monitoring treatment response, improving cancer staging, and screening for cancer
recurrence [52]. The multiplexed detection of cancer-related molecular markers and their

distribution in tumor microenvironment has been successfully demonstrated numerous times
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[53-55]. Liu’s group presented the fast detection of gastrointestinal cancers based on the
visualization of the molecular phenotype of tissues with molecularly targeted SERS NPs
contrast agents. In this strategy, antibody-conjugated SERS NPs were applied topically to
the surface of the rat esophageal lumen to target EGFR and HER2, and a miniature spectral
endoscope was used for the imaging of NPs bound in the esophageal lumen [56]. Recently,
Zhao’s group proposed a 3D se-SERS platform for multiplexed detection of exosomal
proteins. The densely located ‘hot-spots’ effectively surround the analyte, providing
sensitive and comprehensive SERS signals. By integration with deep learning models, seven
proteins on the surface of patients’ plasma exosomes were profiled, enabling the
determination of cancer incidence and progression [57].

SERS has also been extensively exploited to analyse biomarkers (CTCs [58,59],
circulating nucleic acids [60,61], proteins [62,63], and circulating tumor vesicles (CTVs)
[64,65]) in liquid biopsies. A significant study in this area was done by Wei’s group, who
designed a microfluidic chip to monitor the level of carcinoembryonic antigen (CEA) and
vascular endothelial growth factor (VEGF) expression in serum samples. The specific
interaction of biomarkers with 4-mercaptobenzoic acid (4-MBA)-conjugated antibody
functionalized gold nano-sheet substrate led to shifts in Raman spectra, thus allowing
quantitative analysis due to linear tendency. The method's reliability was verified by
comparison with the gold standard method making the SERS microfluidic chip promising in
clinical settings for early diagnosis and prognosis of gastric cancer [66]. Also, many articles
have demonstrated the successful differentiation between cancer and non-cancer groups
based on the analysis of biomarkers in samples collected non-invasively [67], such as saliva
[68—71], urine[72], and sputum [73].

SERS has gained an interest in the area of therapeutic drug monitoring (TDM), which
is highly regarded due to its significance in providing patients with effective treatment and
minimizing drug toxicity as well as the risk of adverse drug reactions [74]. Chen’s group
was involved in the fabrication of the substrate MIL-101(Cr)@Ag to determine the levels of
chlorpromazine hydrochloride (CPZ) and aminophylline (AMP) in human serum [75].
Another study demonstrated the methodology that was meant to advance automating label-
free SERS assays for TDM in clinical settings. In this strategy, a miniaturized solid-phase
extraction method was integrated with a centrifugal microfluidic disk with incorporated
SERS substrates. The analyses supported by machine learning methods yielded satisfactory

values of the limit of detection for chosen drugs in human serum [76].
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1.5.5 SERS for the analysis of microorganisms

Over the past few decades, tremendous progress has been made in SERS analysis of
microorganisms, with particular attention to bacteria that, due to their pathogenicity, are a
major clinical concern. To improve SERS performance, many aspects have been considered,
e.g. SERS substrates and the associated size, shape, morphology, and type of active metal
[77].

The detection of bacteria can be performed with AuNPs but also with AgNPs which
are favored due to significantly larger enhancement. On the other hand, AuNPs are more
biocompatible, highly stable, and not easily oxidized. The interaction of metallic
nanoparticles with analysed bacteria is also an important issue. Beyond the simple mixing
of bacteria with substrates, the nanoparticles can be synthesized directly in the presence of
bacteria cells. The in situ synthesis increases the reproducibility and efficiency of the SERS
signal [78].

Recently, it has been reported that the method of AgNPs production directs their
specific interactions with bacterial cells. AgNPs fabricated in the presence of citrate (capping
agent) can effectively partition through the cell envelope and bind to the components in the
cell membrane, periplasmic space, and purine metabolites as well. This is opposite to the
borohydride AgNPs (uncapped ones), which tend to be uniformly dispersed in the sample
and do not aggregate on the surface of bacteria. Depending on the method chosen,
nanoparticles selectively enhance the components, determining the formation of a specific
bacterial SERS signal. Microorganisms are structurally complex biological systems for
which signals from carbohydrates, proteins, and lipids overlap. Hence, the capped and
uncapped AgNPs provide a means to differentiate between the signals of purine degradation

and those of structural components of the cell membrane and periplasm space [79].

Silver nanomaterials (in addition to nanoparticle morphology) also take the forms of
nanorods and nanowires and, when used in conjunction, can synergistically enhance the
SERS signal, e.g. nanoplate-bacteria-nanorod spherocrystals [80]. Moreover, Ag- and Au-
based substrates can be extended to form the whole range of multicomponent structures, e.g.
core-shell bimetallic substrates, metal-semiconductor nanocomposite, metal-nonmetallic
nanocomposite, and metal-polymer composite [81]. Recently, the green fabrication of
plasmonic nanoparticles has become an interesting direction. In the innovative approach,

AgNPs are synthesized using leaf extracts of Nelomarckia cadamba [82]. Chicken eggshells
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can also serve as biotemplates for the subsequent sputtering of active metal [83]. Both

alternatives demonstrated superior performance in bacteria detection.

The variability of spectral data can be related to the power and laser line, time of
spectra acquisition, and calibration with standards. According to the literature, the
commonly used laser lines for the analysis of biological samples are 633 and 785 nm, with
the latter being preferred. This line enables acquiring signals rich in relevant structural
information. The power of the laser line is also a crucial aspect as it determines the intensity
of the scattered light. The optimal solution is the use of a laser line with 1.5 mW power,
which provides an accurate SERS image of bacteria while avoiding the effects associated

with thermal degradation of samples [84].

Microbiological aspects are another source of spectral variability. The nutrients of
culture media exhibit spectral contribution that may hinder the complete manifestation of
pure microorganisms. In particular, chromogenic media alter the SERS signal of bacteria
due to the dyes they contain. The non-specific media, e.g. LB agar or BHI agar, are the best
media selected for further comparison between different bacterial species [84]. To minimise
potential interferences from the media, bacteria are prepared in washing/centrifugation
cycles. Usually, three cycles are sufficient to obtain high-purity bacteria cells. The length of
culture should also be balanced. It is not advisable to examine culture lasting longer than
two days because of the decrease in signal intensity. As some strains are sensitive to changes

in osmolarity, microorganisms are prepared in a buffer [84—86].

Upon the specific interactions with the environment, bacterial cells may exhibit
physiological changes [86]. The study on bacteria culture indicated that treatments such as
suspension in EtOH solution, UV exposure, freezing at —80 °C, or heating to 100 °C disrupt
the structure of microorganisms, causing marked changes in their spectral image. A minimal
centrifugal force is recommended to maintain bacterial viability [84]. On the other hand, an
appropriate dose of stressor can act beneficially in magnifying the spectral differences
among bacteria strains, which are owned by multiplex regulatory mechanisms that
counteract stress and repair damage. It should be noted that the dose of stress must be
balanced to trigger a sufficient biological effect and thus not exceed the tolerance limit of
bacteria [87].

To effectively prevent unwanted spectral variability, the establishment of a standarised
protocol is the appropriate solution. The analysis based on data obtained according to the
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uniform procedure would facilitate the efficient identification and discrimination between
bacteria species. Later, one can create the spectral library of microorganisms with special

attention to measurement parameters [88].

The analysis of microorganisms is an important line of research in the context of
reliable clinical diagnosis and the selection of customized treatments. To optimise the
identification of pathogens, one can adapt various routes. Incorporating microfluidic systems
reduces the analysis time and enables automated sample handling. Detection is performed
with minimal sample volume and with reproducible measurement conditions. In turn,
combining SERS with lateral flow assay tests increases the sensitivity compared to the
standard approach. The detection is based on a color change on the test line and can be
realized quantitatively by measuring the SERS signal intensity [89]. Choo’s group created
the SERS-LFA Kits for rapid and accurate detection of Orientia tsutsugamushi. The analysis
performed on 40 clinical samples demonstrated the consistency of results with a standard
method (indirect immunofluorescence assay). In addition, the easy integration of the strips
into a portable spectrometer ensures field measurements [90]. The created three-dimensional
plasmonic nanostructures can be a convenient way to capture and identify pathogens
effectively. Yeh et al. fabricated portable microfluidic platforms with carbon nanotube
arrays of varying filtration porosity. Such a specially designed assay enabled the rapid
enrichment and identification of viruses from clinical samples with 90 % accuracy. An
additional benefit is that the captured viruses remain viable, permitting subsequent in-depth

characterisation using various conventional methods [91].

In the case of fungal detection, a particularly interesting concept was the creation of
an organic-inorganic nano-catcher based on magnetic nanoparticles and polymer nanoshells
used with caspofungin drug. In this strategy, invasive fungi were isolated from complex
samples and identified within minutes, which can be a significant advance in rapid clinical
trials [92]. The SERS label-free analysis was also used to discriminate five species of apple
spoilage fungi, achieving high accuracy for the tested algorithms [93]. The satisfactory
results of SERS analysis were also obtained for the discrimination between Trichophyton
rubrum, Candida krusei, Scopulariopsis brumptii, and Aspergilus flavus. The findings also
demonstrated the possibilities of SERS and principal component analysis (PCA) methods in

identifying Trichophyton rubrum in homogenized skin samples [94].
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1.6 Spectral data analysis

Data obtained from spectroscopic measurements are highly susceptible to changes in
settings or conditions. Hence, the genuine signal can often be distorted by noise and, more
precisely, non-discriminatory sample-specific signal ranging from broadband background to
high-frequency jitter [95]. The answer is data preprocessing, which eliminates the effects of
unwanted signals without losing the genuine one. Preprocessing applied prior to
chemometric methods prepares the data matrix and enhances its quality so as to increase the
performance of subsequent analysis. Preprocessing usually consists of several steps
following one another sequentially, and their choice should be tailored to the type of
spectroscopic method. In Raman spectroscopy, several methods are used to remove the
variability from different sources — fluorescence, cosmic rays, calibration errors, detector
noise, laser power fluctuations, or signals from substrates [96,97]. These can be, e.g. baseline

correction, normalization, or smoothing.

Figure 7 presents the workflow of Raman spectra analysis. The obtained raw spectra

are initially preprocessed so that they can be deeply analysed with chemometric methods.

1 2 F F
Raw Data Modelling Validation

spectra preprocessing

Figure 7 The workflow of Raman spectra analysis. The obtained raw spectra are initially
preprocessed and then subjected to chemometric analysis, which consists of modelling and
validation steps.

1.6.1 Chemometric analysis

The development of analytical methods brings with it the generation of an enormous
amount of information (features, variables) by the number of samples (objects, observations)
to be analysed in a short time [98]. Advances in information technology initiated the
emergence of multidimensional data matrices, which use various mathematical and
statistical algorithms to facilitate data analysis. Chemometric (multivariate data analysis) as
a chemical discipline can be adopted to massive data to efficiently extract maximally

relevant information and gain knowledge about the chemical system under analysis [99].
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Prior to multivariate data analysis, spectroscopic data are displayed in the form of a
matrix where columns represent variables (e.g., Raman shifts) and rows represent
observations (spectra), i.e. the spectroscopic profile of every analysed sample is represented
by each row. Every spectroscopic measurement/observation consists of relevant signal and
noise. The relevant signal is an actual representation of the underlying information
associated with the property of interest. The noise is all the remaining information irrelevant
to the interested property (e.g., spectral noise). Hence, the primary idea of multivariate data

analysis is to separate the relevant signal from the noise [96].

Depending on the property under consideration, chemometric methods are divided in
various ways, and in the first distinction, there are classification/discrimination and
regression/prediction methods. Figure 8 presents the classification of chemometric methods

along with examples.

Chemometric methods

v v

Classification/Discrimination Regression/Prediction
Unsupervised Supervised Linear Non-Linear
classification discrimination
MLR, PCR, PLSR SVM, ANN, RF
HCA, PCA,
Kohonen map . .
Supervised Supervised
Linear Non-Linear
FDA, SVM, SIMCA, SVM, ANN
PLS-DA, LDA

Figure 8 The classification of chemometric methods. The original drawing inspired by [97,100,101].

1. Regression and prediction

The regression methods are based on the concept of finding a correlation between a
set of explanatory variables (X) and one (y) or several properties of interest (Y), i.e. relating
properties of chemical samples (Y) to their chemical composition (X) or biological activity
of studied compounds (Y) to their chemical structure (X) [101,102]. The typical examples of
regression include, e.g. modelling the content of protein in wheat based on their NIR signals
or modelling the antioxidant properties of tea extract based on chromatographic fingerprints
[103].
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In chemometrics, models are developed and optimized based on the selected sample
set (well-known X and y), a so-called calibration or training set. The ultimate goal is to
introduce an optimized model to gain information about unknown objects, i.e. to predict y
values for them [101]. The prediction includes both quantitative (continuous-valued, e.g.
protein content) and qualitative (discrete, e.g. healthy/ill, compliant/non-compliant, class
membership) properties of the analysed system [103].

2. Linear modelling principle

The simplest regression model (univariate, linear model) relates one quantity of

interest y (response) to one explicative variable (x1) through the equation:

17(n,1) = by + blxl(n,l) (1.6)

where: ¥ — the predicted value of the real y,

b — the regression vector, which is composed of bo (the offset) and b: (the slope).

When X is multivariate (i.e. each sample is described by p several variables), the

multivariate linear model relates X to y as follows:

Yn1) = bo + bixag1y + baXamay + -+ bpXpma) = bo + Xnpybp1y (1.7)

where: by ... bp — the regression coefficients for each variable and refer to the regression
vector b (in the right part of the equation),
bo — the offset,

X —the matrix of independent variables. Matrix dimensions are noted in parenthesis.

Creating the regression model means finding the optimal values of b, i.e. values that
lead to the lowest error in predicting the response. Regression-based methods are multiple
linear regression (MLR), principal component regression (PCR), and partial least squares
regression (PLSR) [101,104,105].
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3. Classification and discrimination

Another task of multidimensional data analysis is to classify a sample based on its
individual and characteristic features. From a chemometric point of view, this notion is
embodied in pattern recognition methods, which are defined primarily as a classification to
assign samples to groups. Due to the considered feature, classification/discrimination

methods can be divided into unsupervised and supervised [100].

Supervised methods use the patterns established for all analysed classes
(predetermined classes) to identify and classify an unknown sample to one of the known
classes based on its measurement pattern. The procedure of supervised methods comprises
a few strategies. The selection of variables should be guided by information content, i.e.
variables that encode relevant information are retained, and those that contain noise or have
nonsignificant discriminatory power are discarded. The building of a model is based on
training samples — objects have to be categorized in an exhaustive (i.e., each observation
belongs to a category) and mutually exclusive (i.e., there are no observations belonging to
different categories) manner. A model is validated on a new set of external samples to assess
the reliability of the classification. Unsupervised methods do not rely on predefined classes,
and objects are distributed along the dataspace, revealing the correlation between them.

There is no information about class membership [97,98,100].

Supervised pattern recognition methods can be classified as those focused on the
discrimination among classes (e.g., linear discriminant analysis — LDA, partial least squares
discriminant analysis — PLS-DA), and those oriented towards modelling classes (e.g., soft
independent modelling of class analogies — SIMCA). Although both types of methods have
the same objectives, they differ in the way they work. In discrimination methods, also known
as ‘hard-modelling’, models are created based on the differences between objects of various
classes. This is in contrast to class modelling analysis or ‘soft modelling’ methods, which
try to identify features that make individuals from the same class similar to each other. An
important feature of discriminant methods is that the analysed object is always assigned to
one of the given categories. In model-based methods, an object is likely to be rejected when

it does not fit into a category model [97,98,100].

Figure 9 illustrates the graphical representation of the issue at hand for the case where
the two classes span a two-dimensional feature space, and the hollow shapes represent

samples to be classified (not included in the model). In class modelling, each target class is
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modelled separately and positioned in the feature space (bounded by the contour as
demonstrated in Figure 9A). This results in four possibilities for object classification; the
classified object can fall into first class, second class, both classes, or outside of the modelled
classes. Hence, in this particular case, the objects represented as a hollow star and a circle
are correctly assigned to classes. A hollow square is classified as a member of both classes,
while a hollow triangle is rejected from the modelled categories. In discrimination, data
dimensionality is subdivided into regions, thus yielding the decision surface that delimits the
boundaries between classes in the feature space. Hence, in the analysed case (Figure 9B),
the black line divides the entire data space into two areas, thus designating two classes. The
objects will always be classified into one of the classes. The objects represented as a hollow
star and a circle are classified correctly, while the one marked as a hollow triangle is
incorrectly assigned to the ‘blue dots’ class. Contrary to class modelling, the object
represented as a hollow square is assigned to one class [106].

A) Class modelling - ‘soft modelling’ B) Discrimination - hard modelling’
A A
®
o~ o~ L N
% ] % ® @) O * *
- = ® S K
K 510 N
' * &
A A * 4 *
Variable 1 g Variable 1 g

Figure 9 The illustration of two model concepts A) Class modelling ‘soft modelling’ and B)
discrimination “hard modelling’ based on two-dimensional future space with two classes - blue dots
and red stars (training objects). Hollow shapes represent the objects to be classified (test objects) (not
taken for model construction). The original drawing inspired by [106].

The mathematical form of the functional relationship associated with the geometric
shape of the decision boundary in the multidimensional (feature) space leads to another
division. According to this property, classification can be performed in linear or non-linear
strategy, where the latter can be subdivided into quadratic or polynomial. In linear methods,
the decision boundary takes the form of a linear function of the original variables; a line, a
plane, and a hyperplane in case of two, three, or more than three dimensions, respectively.
In non-linear methods, more complex hyperspaces partition feature space according to

existing classes, e.g. quadratic approach involves hyperelliposoids, hyperparaboloids,

40



Chapter 1 Introduction

hyperspheres. Hence, according to this classification, linear methods are PCA, PLSR, LDA,
and PLS-DA. Examples of non-linear methods are artificial neural networks (ANN) and self-
organizing maps (SOMs) [107]. Support vector machine (SVM) can handle simple linear

tasks and more complex ones, i.e. non-linear [108].

4. Model optimization and validation

Chemometrics involves empirical models that, based on given measurements, provide
information about the structure of a system and allow the prediction of one or more
properties. However, for a specific data set, it is possible to create many models
characterized by different performances (due to the representativeness of samples, the
algorithm, or the method itself) [105]. Incorrect selection of latent variables (LVs) (e.g., in
PLSR, PCA-LDA) can also promote undesirable effects such as overfitting and underfitting.
Over-fitting gives the illusion that the model is able to predict more than it actually does; the
model is unstable due to noise and irrelevant information. Conversely, underfitting leads to
a model with inadequate performance; the model lacks the relevant part of the signal [101].
Thus, it is important to evaluate the quality of the model. The chemometric strategies

oriented towards it are collectively referred to as validation [105,109].

The predictive power of a model can be evaluated with the figures of merit (FOM):
the coefficient of determination R — a parameter that describes the fraction of the original
data explained by the model (e.g., R? = 1 means that 100 % of the data is explained), RMSE
(root mean square error) — describes the standard deviation between reference and predicted
values. To compare the performance of different models, the criteria are calculated at
calibration and validation sets. The minimum error corresponds to the optimal complexity

of the model, also known as the optimal model rank [101,110].

The most used validation technique to optimize the model is cross-validation. This
approach utilizes the iterative resampling strategy, where the original data set is split into a
training set (for learning the parameters) and a test set (for evaluating the model
performance). In K-folds cross-validation, the data are divided into K-sub folds (subsets);
one (validation set) is left out at a time to determine the predictive performance of the model
created from the remaining K-1 folds. This process is repeated K-times till all subsets are
validated. [96]. Cross-validation involves an internal validation set and is the method of

choice in case of insufficient samples. Whenever possible, it is recommended to introduce
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the strategy of an external validation set. The brand-new samples, completely independent
from the calibration data (e.g., samples from the new batch, or measured later), can ideally

serve to recreate the conditions of routine use of the model [101,105].

The following subsections describe the chemometric methods used in the research

presented in this doctoral dissertation.

I.  Principal component analysis (PCA)

PCA belongs to the class of data reduction methods. In PCA, the main systematic
variation in a dataset is extracted by breaking down the information of original data (matrix
X) into a series of variance-scaled orthogonal vectors called principal components (PCs)
[111-113].

The data to be analysed are collected in a matrix X that comprises n rows (objects, e.g.
spectra) and p columns (variables, e.g. Raman shifts). PCA decomposes the X matrix into
the structured and the noise part, i.e. two smaller matrices, one of the scores (T) and the
second of loadings (P) and the error (E) [101,114].

Xtnp) = TanoPiew + Emp) (1.8)
where: X — the original data matrix with n (rows) x p (columns),
P — the loading matrix for k components,
T — the corresponding score matrix,
E — the residual variance not explained by the model.
The (1.8) equation can be expanded to:

X =t;p] +t,p] + tapf + -+ typi +E (1.9)

where: t;p] — the orthogonal principal components creating the model and t,pT is the first

principal component and t,p? is the second principal component, and so on.
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The loading matrix P x p) identifies the k directions, i.e. principal components (PCs)
along which the data are projected. The results of such projections, i.e. the coordinates of

every object onto this reduced subspace, are collected in the score matrix T xk) [105].

The loading matrix P consists of the retained k PCs and acts as the transformation
matrix between the original variable coordinate system and the new PC system. Each column
in P matrix represents a PC, i.e. loading. In the PC-coordinate system, the particular object
i is projected onto the PC1, PC2, PC3 and so forth, giving the corresponding vyi1, Vi2, iz, and
so forth. This means that object i (as well as every analysed one) is presented as a point in
the PC-coordinate system with scores (coordinates) yi1, Yiz, Yiz, and so forth. The number of
scores is the same as the number of PCs, i.e. k. The score matrix T contains scores for every
object, with each row indicating a particular object. In turn, columns indicate the orthogonal

score vectors, each representing the scores for one specific PC [96].

The first component (PC-1) explains the greatest possible variability as well as the
second one (PC-2), which additionally comprises the information not being captured by the
first one. Hence, each subsequent principal component explains the highest variance of the
information under the condition that it is orthogonal to the previous one until all the data
matrix is decomposed. The total number of principal components reflects the number of
dimensions in the original data — the fewer PCs needed, the simpler the model is. The

information about the explained variance by each PC is included along each axis [115,116].

PCA is a perfect tool that provides global insight into the analysed data set. This
method identifies similarities, differences, and general patterns hidden in the data of interest.
It can also be used to recognize artifacts and outliers. In light of ever-increasing data, PCA
is a proper method to obtain condensed data that could be subsequently used instead of

original ones [117].

Il.  Partial least squares regression (PLSR)

PLSR belongs to the partial least squares (PLS) methods (also called projection to
latent structures). PLSR is used to predict a set of variables (Y) from a set of predictors (X).
PLSR is able to predict many variables and handle the case of multicolinear predictors (i.e.

the predictors are not linearly independent). It is a versatile tool for a large data set.
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PLSR is aimed to find latent variables (denoted by T in matrix notation) that model X
and simultaneously predict Y. This is expressed as a double decomposition of X and the

predicted Y.
X=TP" and Y =TBC" (1.10)

where: P — X loadings,
C - Y loadings,
B — the diagonal matrix.

Latent variables are ordered according to the amount of variance of ¥ that they explain.
PLSR is focused on reducing the dimensionality of X and Y in latent subspaces with the use

of score projections [101,118].

I11.  Partial least squares discriminant analysis (PLS-DA)

PLS-DA is a supervised method that evolved from PLSR algorithm aimed at resolving
regression problems. PLS-DA is designed to handle the predictive and descriptive modelling
tasks and the selection of discriminatory variables. Hence, PLS-DA links the reduction of
the dimensionality of complex data with discriminant analysis (sample classification based
on the constructed model). To provide pattern recognition information, PLS-DA involves
explanatory and response variables. The analysed samples are recorded in a matrix X
described by » x D dimension, where n objects and D features create explanatory variables.
The corresponding matrix Y of n x g size refers to the same n objects with q properties and
is described in a category system (response variables). Initially, such categorical variables
are encoded into continuous variables data, and their number corresponds to the number of
considered categories (e.g., ‘0’ and ‘1” dummy variables for describing two categories). The
number of rows of matrix X is the same as that of matrix Y and refers to the number of
objects. In turn, the number of columns of matrix Y corresponds to the number of established
categories. Thus, PLS regression is used to build a model based on matrix X of the predictors
and a dummy matrix Y that expresses the class membership, consequently leading to

classification based on the generated prediction values (real values) [119-124].
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IV.  Soft independent modelling of class analogies (SIMCA)

SIMCA belongs to the supervised methods where a created model consisting of objects
in well-defined classes (training set) is used to identify unknown objects (test set) [98].
SIMCA involves PCA method to model each class separately in a PCs dimension. A certain
number of PCs is related to the spatial representation of the class (e.g., line, plane, hyper-
plane) and is significant in determining critical distance for classification. The number of
PCs is retained to account for most of the variation within classes and includes a high signal-
to-noise ratio by excluding so-called secondary or noise-laden principal components in the
modelled class. The decision of class membership is made based on the similarities of the
unknown sample (test sample) to its actual representative class in the lower dimensional
space (PC space) [98,113].

The basis of the classification is to determine a confidence region for each modelled
class. The membership criterion limit is designated with the squared Mahalanobis (T?) and
Euclidian (Q) distance. The Mahalanobis distance is the distance of an object to the center
of the score space; it indicates how far the individuum is from the distribution of ‘normal’
objects in the space spanned by significant PCs. Euclidean distance is the distance of an
object to its projection onto the PC space; it describes how well the individuum is fitted by
the PCA model.

The new object to be classified is projected onto the model subspace, and the

calculated T2 and Q are used to designate its overall distance dig to the model:

dig = J (12,)" +(Qug)° (1.11)

where: T2 — the squared Mahalanobis,

Q — the Euclidean distance.

The subscript indicates that the i object is tested against g class. When the object falls

within class limits, it is classified as a member of the class [105].

Figure 10A presents the graphical representations of two classes modelled by PCA
prior to SIMCA analysis — Class 1 described by two PCs, and Class 2 described by a single
PC. An object to be classified is compared to each class by projection on these two models
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—a plane for Class 1 and a line for Class 2 (Figure 10B). This gives appropriate distances
between this object and two classes [125].
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Figure 10 SIMCA analysis performed for two classes A) Class 1 is modelled by two PCs and Class 2
is modelled by a single PC, B) A new sample (marked as a black dot) is compared to each group by
projecting it on models, a plane for Class 1 and a line for Class 2. This results in the distance €;(lass 1)
and hiasst) for Class 1 and ej(cass2) and hiass2) for Class 2, where e; is the Euclidean distance of the
object to the model and /; is the Mahalanobis distance within the PC space. The original drawing
inspired by [125].

SIMCA determines the model distance and discrimination power. The model distance
is calculated as the geometric distance from the principal components models; if it equals
more than three, the class discrimination is successful, but if it is lower than one, the
classification cannot be made. Discrimination power describes how specific variables
contribute to class differentiation, and those with values higher than three are considered

remarkable in total discrimination [98,115].

V. Linear discriminant analysis (LDA)

LDA aims at finding the linear discriminant that maximizes the between-class
variability and minimizes the ratio within-class variability so that the separation between
classes is the highest [126]. LDA may be viewed as a one-dimensional projection of objects
onto ‘LDA-axis’ separating classes. LDA is not limited to the straight-line separation case.
Depending on the complexity of the problem in question, the classification can be expressed
with a quadratic separator or Mahalanobis distance. The quadratic DA can be an ideal
solution for the separation of classes characterized by the main variability in different
directions (but only when the training set is large and representative). LDA cannot handle

the analysis of high-dimensional data, e.g. spectral data, when the number of variables
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exceeds the number of samples. To overcome this limitation, it is recommended to use PCA
as a pre-classification step (PCA-LDA). The use of only the diagnostically significant
components with compact information about the system is a proper starting point for the
subsequent LDA analysis. In addition, the requirement for fewer variables than samples

within a class is much more easily fulfilled [110].

VI.  Support vector machine classification (SVMC)

SVM is designed for analyses of linear data and non-linear ones using Kernel function.
SVM is also intended for resolving the classification task — support vector machine
classification (SVMC). The idea is to search for a hyperplane that would effectively separate
the analysed classes by maximizing the margin of separation. This is achieved through the
extraction of a subset of a training set that serves as support vectors. Support vectors are
objects that lie on the borderlines between classes; their number determines the
dimensionality of the feature space. In turn, a margin is defined as the geometrical distance
of a blank space between the two classes. The margin is determined around the line of
separation; the maximum margin is defined as a double distance from support vectors to the
hyperplane that separates classes. Ideally, the margin is free of any object, and the separation
is described as ‘high quality’. Using the designated margin and support vectors, SVM
establishes the hyperplane of separation [107,110,127,128]. The general idea of SVM is
illustrated in Figure 11 — two classes (Class 1 and Class 2) to be separated by a hyperplane.

Class 1 3

X Class 2

¥ * *

Figure 11 Representation of general classification hyperplane in SVM method that maximizes the
margin of the training data. The original drawing inspired by [107,110].
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To effectively separate classes, it is necessary to select a proper Kernel function
(linear, polynomial, radial basis function, and sigmoid) and adjust C and gamma parameters
[110]. The regularization parameter (C) describes the dependency between the correct
classification of the training set and the size of the margin (model complexity). The Gamma
parameter defines the level of influence of individual training points and affects the shape of
the hyperplane [129].

1.7 The selected disease entities
1.7.1 Sexually transmitted diseases — gonorrhea

Gonorrhea is considered one of the most prevalent sexually transmitted diseases
(STDs) caused by bacteria Neisseria gonorrhoeae. According to a 2020 report by the World
Health Organization (WHO), there were 82.4 million new cases among people aged 15 — 49,
and gonorrhea was recognized as a significant public health problem [130].

N. gonorrhoeae has an affinity mainly to the mucosal surface of the urogenital tract
and can attach to the transitional and columnar epithelial and the stratified squamous
epithelium of the ectocervix. This results in urethritis in men and cervicitis and urethritis in
women. N. gonorrhoeae is able to enter anal, oral, or conjunctival mucosal and invade the
bloodstream leading to the disseminated gonococcal affliction of the joints or skin. If
gonococcal urethritis is left untreated or under-treated, it can evolve into an ascending
infection of the upper genital tract. In consequence, the developed epididymitis or pelvic
inflammatory diseases (PID) can lead to severe sequels, including infertility and ectopic

pregnancy [131,132].

The incubation period of gonococcal urethritis is between two and eight days, and the
clinical representation in men and women is substantially different. In men, acute
gonococcal urethritis is mostly symptomatic: abundant and purulent discharge, macerated
mucosa of the external orifice, and dysuria. In contrast to men, the asymptomatic course in
women is less common, and if this disease does occur, the symptoms are non-specific
[131,132].

One of the traditional diagnostic methods of gonorrhea is Gram staining of samples

and microscopic evaluation for the presence of N. gonorrhoeae diplococci. The method’s
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sensitivity and specificity vary between studies and highly depend on the analysed specimen.
In the case of urethral discharge of symptomatic men, the highest noted sensitivity ranges
from 89 % to 98 %, and specificity is greater than 95 %. For asymptomatic courses the
sensitivity can be lowered to 40 — 50 %. Such discrepancies in parameter values may be
related to the quantity of bacterial load. Gram staining is not an appropriate method for the
analysis of pharyngeal specimens (because of the prevalent Neisseria spp. with similar
morphology) and rectal (due to the sensitivity lower than 40 %) [131].

The sensitivity of the culture method for urogenital specimens ranges between 72 %
and 95 % and is much lower for rectal and pharyngeal specimens [131]. The obtained
bacterial colonies should undergo presumptive identification by Gram staining and oxidase
or catalase test. In the case of positive results, confirmatory identification tests should be
performed (e.g., fluorescent antibody test, coagglutination test, colourimetric test, or API
biochemical test, including carbohydrate degradation test) [133,134]. Nowadays, nucleic
acid amplification tests (NAATs) are recommended in high-income countries. The
pathogen's viability condition does not have to be met, making storage and transport less
restrictive. A good alternative is in-house polymerase chain reaction (PCR) tests, which can

be used in resource-limited settings [131].

As was mentioned in the above subsections, SERS technique is a promising diagnostic
tool. However, despite many scientific reports on the medical use of SERS, none concern
the analysis of urethral discharge in terms of sexually transmitted diseases. The research
presented in this dissertation is the first of its kind to address STDs problems.

1.7.2 Vaginal infections

Vaginal infections, medically termed vaginitis, refer to a series of symptoms of the
reproductive tract resulting from disorders of the vaginal microflora. Vaginitis reduces the
quality of life, causes discomfort, and can lead to serious complications. Depending on the
etiological agent (microorganism), infections can be divided mainly into bacterial vaginosis
(BV) caused by bacteria and vulvovaginal candidiasis (VVC) caused by fungi. Coinfections
intensify the whole health problem. It is estimated that approximately 20 — 30 % of women
with bacterial vaginosis (BV) are coinfected with Candida species [135-138].
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Vulvovaginal candidiasis (VVC) affects one in every two women during their lifetime.
Although most of them experience VVC infrequently, there is a group of women with
recurrent VVC infection defined as three or more episodes within 12 months. VVC results
from an overgrowth of Candida spp. (e.g., Candida albicans, Candida glabrata, Candida
krusei) relative to the natural microflora [139]. Symptoms of VVC, such as burning during
micturition, irritation, soreness, and thick-curd-like vaginal discharge, are not
pathognomonic and cannot be considered a major determinant of this particular infection.
The pH of vaginal milieu is between 4.4 and 4.7 and does not increase under the influence

of Candida spp. proliferation [140].

In clinical practice, VVC is diagnosed based on a microscopic examination of wet
preparation (saline, 10 % KOH) of vaginal discharge that demonstrates budding yeast,
hyphae, and pseudohyphae. Adding KOH upgrades the analysis by destroying cellular
material (bacteria and cells) that might hinder the visualization of yeast and mycelia. In the

case of negative results and persistent symptoms, a culture method is recommended [141].

BV occurs due to the replacement of Lactobacillus spp. to diverse facultative and strict
anaerobes such as Gardnerella vaginalis, Dialister spp., Mobiluncus spp., Prevotella spp.,
Atopobium spp. and many others [142]. As the BV-related pathogens can also be found in
non-infected individuals, they cannot be specific markers of the BV infection [143]. Hence,
bacterial cultivation is not approved for the BV diagnosis. Instead, it is recommended to

evaluate Gram-stained secretions and consider Amsel criteria [144].

According to the four Amsel criteria, meeting three of them means the presence of the
infection: a thin and homogenous swab with milky consistency, an elevated pH (the cut-off
value 4.5), a positive whiff test (the ‘fishy’ odor after the addition of 10 % KOH), clue cells
(squamous epithelial cells covered with 75 — 100 % of Gram-variable short rods, curved
rods, and cocci) visible under the microscope in quantity above 20 %. The presence of rare
clue cells does not mean BV. However, these criteria cannot indicate the current infection
unequivocally, and the interpretation of signs can be problematic, e.g. the pH reading errors
may be caused by improper sampling (cervical mucous), menstruation, or recent douching
[145].

The diagnosis of vaginal infections is challenging due to similar symptoms or even
their absence and the shortcoming of the conventional diagnostic approach. The evaluation

of Gram-stained smears is a subjective matter and requires good practice in preparing and
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reading slides. The results depend primarily on the clinician's competence and experience,
as well as the maintenance and settings of the microscope. The culture method is expensive
and requires several days to obtain results. Current methods significantly hamper the

diagnosis and monitoring of large-scale vaginal infections [142,146].

Several rapid tests were introduced to the market to facilitate the screening of infection,
e.g. FemExam card or Candida Antigen test (Hydrex). The former is a colorimetric test that
allows simultaneous determination of the elevated pH (4.7 or above) and detection of volatile
amines. The latter is an immunochromatographic test for the direct and qualitative detection
of C. albicans. BVBIlue test (Gryphus Diagnostics, L.L.C.) defines the level of sialidase
activity produced by BV-related pathogens. The undoubted advantage of these tests is that
the final results can be obtained within half an hour. Similarly to the previously described

methods, they are also based on visual assessment [142,147].

Recently, in an era of widespread exploitation of SERS in the medical field, scientists
have demonstrated its great potential in the study of body fluids, cells, and tissues from the
reproductive system of women. All these biological materials have already been analysed
many times in various aspects, e.g. cancer diagnosis or forensic studies. The exfoliated cells
of cervical tissues were examined to test the new way of cytology (spectro-cytology) for
analysis of the healthy, pre-cancerous, and invasive stage of cervical cancer with a diagnostic
accuracy of up to 94 % [148]. In turn, cervical fluids were analysed in terms of detecting
human papillomavirus (HPV), which leads to an increased incidence of cervical cancer
[149]. The possibility of tissue differentiation (HPV-positive and cervical cancer) was also
attempted by searching their spectral fingerprinted response [150]. In forensic analysis, it is
essential to effectively distinguish menstrual from peripheral blood, as they share a similar
appearance due to the content of haemoglobin [151,152]. Equally important is the detection
and identification of other bodily fluids, e.g. vaginal fluids [153-155]. However, as far as
the state of science is concerned, there are no articles demonstrating the applicability of
SERS in the diagnosis of vaginal infections. This dissertation tackles this problem for the
first time, offering several studies that shed new light on the use of this technique as a

diagnostic tool for vaginal infections.
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1.7.3 COVID-19

Severe acute respiratory syndrome coronavirus 2 (SARS-CoV-2), which leads to
COVID-19, emerged in 2019 in China. It immediately spread worldwide, causing a
pandemic in March 2020. Typical symptoms of COVID-19 are cough, fever, and other
respiratory issues. The virus's transmission occurs upon close contact with an infected person
via the droplet route [156].

In clinical practice, the diagnosis of COVID-19 is made based on the patient's
symptoms. Results are confirmed with real-time polymerase chain reaction (RT-PCR)
performed on nasopharyngeal or oropharyngeal swabs. RT-PCR is a sensitive method that
is routinely used to detect most coronaviruses. Unfortunately, the analysis requires
specialised and expensive equipment and highly skilled analysts. PCR-based methods are
time-consuming (upwards of 4 — 8 hours, especially with the increasing number of
potentially infected patients). Sometimes, it becomes necessary to send samples for testing
hundreds of miles away to a properly equipped facility. This involves additional financial
and time investment [157].

Whereas RT-PCR focuses on determining the presence of the virus, serological tests
examine the immune response, e.g. immunoglobulins produced by the body when
encountered with the virus. Tests based on IgM/1gG can play a key role in the fight against
COVID-19 because they allow the classification of people who have developed an immune
response due to SARS-CoV-2 infection. Serological tests are suitable for indirect diagnosis,
broad scanning of human immunity, and keeping mortality statistics. They are also perfect
options when access to molecular tests is limited or non-existent, allowing rapid
identification of suspected cases. It is important to note that the stage and severity of the
disease have a major impact on the final test result. Asymptomatic patients or those with few
symptoms or in the early stage of the disease may have low levels of antibodies, which can
lead to false-negative results [158,159].

In search of a new, more accurate method of COVID-19 diagnosis, scientists
performed a series of studies on clinical samples with an integrated approach of SERS and
chemometric methods or machine learning algorithms. Karunakaran et al. used the portable
Raman device and AuNPs as SERS substrates to demonstrate different salivary responses of
COVID-positive, COVID-recovered and healthy subjects. Studies performed over time

proved that the composition of the saliva of patients who had COVID-19 normalized only
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after a period of time [160]. Yang et al. distinguished between infected and non-infected
nasopharyngeal swabs with SiO»-coated silver nanorod arrays as a SERS substrate. The
adopted SFNet algorithm was tailored to the specific spectral features inherent to SERS

data, achieving test and blind test accuracy of 98.5 % and 99.04 %, respectively [161].

There are also other strategies that can be undertaken to recognize the disease. If the
complex biological environment of analysed clinical samples suppresses the desired SERS
signal of the target, magnetic biosensors can be used. An example of such a biosensor is a
Fez04-Au nanocomposite modified with ACE2 to capture, enrich, and partially amplify
Raman signals for SARS-CoV-2. The specially designed gold nanoneedle array enabled the
virus detection. For the simulated throat and nasal swab, the SERS magnetic array provided
the limit of detection of 100 copies per ml [162]. In other studies, the strategy was based on
designing a silver nanorod array (AgNR) substrate with immobilized DNA probes to
specifically capture RNA sequence of SARS-CoV-2 present in nasopharyngeal swab
specimens. The most effective recurrent neural network models classified samples with an
overall accuracy of 98.9 % [163]. An interesting idea was to design a mask with Au-TiO-
system for the SERS label-free detection of the aerosolized SARS-COV-2 virus. This highly
adsorptive chip with dense electromagnetic ‘hot-spots’ preconcentrated breath aerosols and

effectively detected viruses [164].

The rapid and cost-effective method of COVID-19 diagnosis is fundamental to
mitigate the current COVID-19 pandemic. Considering the recent performance of SERS,
this technique is promising in achieving this goal. In this dissertation, the reader can become
acquainted with another set of studies concerning SERS in the diagnostics of COVID-19 in

a purely applied context.
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In medicine, making the proper diagnosis and thus implementing the right medication
for effective treatment is of primary importance. The challenge of today's medicine is to
develop a diagnostic approach that incorporates every crucial aspect, including the speed of
analysis, reliability of the results, simplicity of performance, sensitivity, and accuracy. These
methods should also be implementable in centers with fewer resources and difficult working

conditions.

Over the past decades, surface-enhance Raman spectroscopy (SERS) has proved to be
highly advantageous in biomedical aspects. This technique can evolve into a high-standard
diagnostic method due to its fast analysis and simple reagent-free procedure, which reduces
the risk of errors. However, what remains a challenge is undoubtedly the repeatability of the
spectral signal closely related to the reproducibility of SERS substrates. Equally important
are the optimisation and standardisation of the measurement conditions (power, laser line),
the establishment of requirements for the method and storage of the tested material, and the
preparation of the sample itself. The personal differences (patient-patient variability), which
can result in additional spectral variances, should also be considered. This is especially
important for the label-free approach, where the signal is the response of the sample as a
whole. For the reliability of the results, it is beneficial to perform research on a large scale

to cover the maximal spectral variance.

The research presented in this dissertation concerns the SERS analysis of
microorganisms and clinical samples in the context of recognizing selected disease entities.
The results of the SERS analysis performed in a label-free manner will be supported by
chemometric methods. Although difficult due to the complexity of the signal, this strategy
is preferable from a diagnostic point of view. It enables more frequent screening and
monitoring of the state of infections because of the low cost, non-invasiveness, and lack of

side effects. The direct approach would also facilitate diagnosis since the visual and sensor
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examination is no longer needed. SERS substrates, which had previously been thoroughly
optimised for the analysis of biological materials [165], have now been integrated with a
handheld and portable Raman device. This adds value to the study, as it demonstrates the

actual application of the method in point-of-care (POC) diagnostics.

The thesis of the doctoral dissertation is: the SERS analysis of clinical samples with
the assistance of chemometric methods can be effectively used for the diagnosis of selected
disease entities (i.e. gonorrhea, vaginal infections, and COVID-19). Within this thesis, there

are several objectives:

1) establishing the procedure of clinical sample preparation and SERS measurement
conditions;

2) determination of SERS signals of microorganisms (the chosen strains of Neisseria spp.,
and Candida spp., and also BV-related pathogens (e.g., Prevotella bivia, Gardnerella
vaginalis, Mobiluncus mulieris)) to create the catalog of reference SERS spectra;

3) determination and understanding of SERS signals of clinical samples considered as
control (i.e. urethral discharge, vaginal fluid, saliva, nasopharyngeal swab);

4) determination and understanding of spectral differences caused by biochemical changes
due to the ongoing disease (analysis within the disease entity, i.e. gonorrhea, vaginal
infections, COVID-19). Within this aim, SERS is assisted by chemometric methods for
the analysis of spectral data distribution (observation of correlations, similarities,
differences) and determination of marker bands;

5) determination of the performance of chemometric methods in the spectral data analysis
of clinical samples in terms of disease diagnosis. This step comprises establishing and
optimising calibration models (for selected chemometric methods) — determining their
robustness, and also predictive and classification abilities based on internal and external
validation;

6) establishing the SERS response of a control group in relation to vaginal infections —
considering the factors that alter the microflora and biochemical composition of secretion,
which may result in spectral differences and deviation from the control group;

7) determination of the importance of the fertile/infertile phase of the menstrual cycle for
the changes manifested on the SERS spectra of vaginal fluid;

8) comparison of the spectral effect associated with the fertile/infertile phase and vaginal

infections.
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3.1 Sexually transmitted diseases
3.1.1 The procedure of urethral discharge collection

Male, middle-aged patients were admitted to the Department of Dermatology, Infant
Jesus Clinical Hospital (Warsaw, Poland) for medical appointments. The doctor initially
interviewed patients regarding their health conditions and current symptoms. The analysed
material (urethral discharge) was taken twice from each patient. The only indication for a
proper test was that the patient should not urinate within four hours before the test. A sterile
10 uL inoculation loop was inserted into the man's urethra at 2 — 3 cm depth and gently
rotated for 5 to 10 s. The collected samples were transferred into Eppendorf tubes®. Then,
one of them was subjected to diagnostics in the medical office. At the same time, the other
was immediately transported to the Institute of Physical Chemistry of the Polish Academy
of Sciences (IPC PAS) for SERS analysis.

Depending on the diagnosis, two groups of clinical materials were distinguished:

a) Experimental group — 10 patients diagnosed with gonorrhea (referred to as Gon(+))

b) Control group — 10 patients tested negative for gonorrhea (referred to as Gon(-))

3.1.2 Conventional method for gonorrhea diagnosis

The diagnosis of gonorrhea was made based on microscopic images of Gram-stained
urethral discharge. The analysed sample was placed onto a glass slide and, after drying,
subjected to Gram staining in the following manner: i) staining with crystal violet (two
minutes); ii) fixation with Lugol’s fluid (two minutes); iii) decolorization with ethanol (30
seconds); iv) decolorization with fuchsin (two minutes). Then, the material was analysed
under a microscope. The presence of Gram-negative diplococci inside leucocytes indicates

gonorrhea.
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25 ym

Figure 12 presents the
example of a photomicrograph of
Gram-stained urethral discharge
taken from a patient diagnosed
with gonorrhea. The pink-stained
cocci are recognized as Gram-

negative Neisseria gonorrhoeae

Figure 12 The microscopic image of Gram-stained urethral
discharge taken from a patient diagnosed with gonorrhea.

cells. Numerous pink-stained

leucocytes can also be observed.

Microscopic analysis was performed with the upright microscope Delta Optical

Evolution 100 Trino Plan LED (Delta Optical, Poland) equipped with x10 eyepiece and

%100 objective lenses working on immersion (cedar immersion oil, Merck/Sigma Aldrich).

The microscope was equipped with a camera port and Canon-compatible adapter. Canon

40D DSLR camera (Canon, Japan) was connected to a laptop to acquire images of analysed

samples. Canon EOS Utility software recorded the images. RAW files were developed using
ON1 Photo RAW software (ON1, Portland, OR, USA).

Figure 13 The colonies of Neisseria gonorrhoeae
cultured from male urethral discharge [166].

The culture method was used to
support the diagnosis. For this purpose, the
collected material was applied onto a
specific medium for N. gonorrhoeae
(Chocolate agar + PolyviteX™ vcAT3 agar
(bioMérieux)) and cultivated at 37 °C in the
5 % CO- condition for 48 h. The colonies
were identified using oxidase and API tests
(bioMérieux).

colonies of N. gonorrhoeae cultured from

Figure 13 presents the

male urethral discharge.
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3.1.3 SERS analysis of urethral discharge

To recognize the infection, the SERS analysis was performed in two variants:

a) Based on the identified cultured microorganisms — the recognition of infection is based
on unique spectral patterns that microorganisms exhibit. Hence, the colonies cultured
from the analysed sample are identified by comparison with the reference spectra of
selected Neisseria spp. (the catalog of SERS spectra).

b) Based on the clinical samples — the infection alters the microflora and biochemical
composition of secretion, leading to spectral changes in the analysed sample. In this
strategy, the urethral discharge is mixed with two uL of saline solution (0.9 % NaCl

solution), and then one puL is placed onto the prepared previously SERS substrate.

3.2 Vaginal infections
3.2.1 The procedure of vaginal fluid collection
a) The analysis of vaginal fluids — dysbiosis of natural microflora

The study was conducted on a cohort of 60 patients aged 18 — 69 years. The collection
of clinical samples and the patient interview were performed in the Department of
Dermatology, Infant Jesus Clinical Hospital (Warsaw, Poland). Samples were collected
twice from each patient using sterile 10 uL inoculation loops and then transferred into
Eppendorf tubes®. One was subjected to diagnostics according to standard procedure, and
the other was immediately passed to the IPC PAS for SERS testing. The detailed
characterisation of samples can be found in Table 1A, Table 2A, and Table 3A (appendix).

b) The analysis of the fertile/infertile phase of the menstrual cycle

The study was performed on two menstrual cycles of one woman belonging to the
control class. The first cycle lasted 27 days, and the second 24 days. Every morning, samples
were taken two, three, or four times, resulting in a total of 103 vaginal fluids to be analysed.
Samples were collected using sterile 10 uL inoculation loops, transferred into Eppendorf
tubes®, and then immediately measured. Each material was analysed sensorically for
quantity, color, and consistency to determine the ovulation and phases of the menstrual

cycle. A standard calendar method was also used to determine the fertile and infertile phase.
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3.2.2 Conventional diagnostic methods of vaginal infections

The standard diagnostic method for vaginal infections included microscopic analysis
of Gram-stained vaginal discharge and pH determination. In the case of the presence of
blastospores and pseudohyphae during the microscopic analysis or by special order of the
doctor, a culture of Candida spp. was performed.

The analysed vaginal fluid was placed onto a glass slide and, after drying, subjected to
Gram staining in the following manner: i) staining with crystal violet (two minutes); ii)
fixation with Lugol’s fluid (two minutes); iii) decolorization with ethanol (30 seconds); iv)
decolorization with fuchsin (two minutes). Then, the material underwent microscopic
observations to assess the presence of clue cells and different microorganisms such as Gram-
negative and Gram-positive bacteria, pseudohyphae, and blastospores of Candida spp. The
samples were observed at x100 objective lenses working on immersion using the upright
microscope Delta Optical Evolution 100 Trino Plan LED (Delta Optical, Poland)). The
Gram-stained vaginal fluid was evaluated using the | — IV purity scale described in Table 1.

Table 1 The evaluation scale for assessing vaginal fluid purity.

Purity Characterisation
Scale
I pH=4.4; lactobacilli (many); 0 — 4 leucocytes
I pH=4.7; 4 — 10 leucocytes with possibilities of slight inflammation, not eligible for
treatment
1l pH=5.0 — 6.0 and higher; lactobacilli (lack) and 10 — 20 leucocytes, bacilli Gram-
positive/Gram-negative or cocci Gram-positive (many)
or 10 — 20 leucocytes or 0 — 4 leucocytes, but the presence of clues cells (indicative of
Gardnerella vaginalis)
v pH=4.7; lactobacilli (many) and blastopores and pseudohyphae
or pH=5 and higher; lactobacilli (lack), cocci Gram-negative inside leucocytes (indicative
of Neisseria gonorrhoeae)

Figure 14 presents the selected photomicrographs of Gram-stained vaginal fluids taken
from patients with different vaginal infections: vulvovaginal candidiasis (VVC), bacterial
vaginosis (BV), Coinfection (BV and VVC), and gonorrhea. VVC (Figure 14A) is
characterized by darkly stained yeast cells (reproduced in a process known as budding).
Throughout the field of view, numerous Gram-positive bacilli could also be seen. Gonorrhea
(Figure 14B) is recognized by stained pink N. gonorrhoeae cells located at epithelial cells.
In the microscopic image of BV (Figure 14C), one can observe squamous epithelial cells
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covered with Gram-variable small rods forming clue cells. The photomicrograph of
coinfection (Figure 14D) reveals the BV pathogens that coexist with Candida spp.
blastospores. For comparison, (Figure 14E) presents the vaginal discharge of a woman with
balanced microflora. One can notice a pinkish, squamous epithelial cell with clearly defined

and smooth edges covered with Lactobacillus spp. bacteria.

A) vvC B) Gonorrhea

.' " n .
. oz

C) BV D) BVand VVC

E) Control

Figure 14 The microscopic images of Gram-stained vaginal fluids taken from patients with A)
vulvovaginal candidiasis (VVC); B) gonorrhea; C) bacterial vaginosis (BV); D) coinfection (BV and
VVC). For comparison, the microscopic image E) is a control one.

The pH of vaginal fluids was determined with pH litmus paper (Duotest pH 3.5 - 6.8
Macherey — Nagel GmbH&Co. KG.). The culture method for the presence of Candida spp.
was performed with ChromID Candida (bioMérieux), which provides the direct
identification of Candida albicans.
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3.3 COVID-19

3.3.1 The collection of saliva and nasopharyngeal swabs

Patients with suspected COVID-19 were admitted to the Department of Clinical
Genetics, Medical University of £.odz (L.6dz, Poland) for medical appointments. Saliva
samples were collected and transported to deep-well plates. Nasopharyngeal swabs were
taken with sterile swabs and placed in vials with one ml of saline solution (0.9 % NaCl
solution). After completion of the diagnostic tests, samples were immediately transferred to
a freezer and stored at —80 °C. All samples, well-labeled and packaged in large batches, were

transported with all safety precautions to the IPC PAS for SERS analysis.

3.3.2 Standard method for COVID-19 diagnosis

The standard method used for the COVID-19 diagnosis was quantitative real-time
polymerase chain reaction (qQRT-PCR). The procedure was as follows. In the first step, the
chemagic™ 360 automated extraction platform (PerkinElmer, Waltham, MA, USA) was
used to extract SARS-CoV-2 RNAs from 300 uL of a sample. The extraction was performed
according to the manufacturer’s instructions (the chemagic Viral DNA/RNA 300 Kit H96
(PerkinElmer, USA)). Viral RNA was eluted with 80 pL elution buffer and used for RT-
PCR assay. The presence of SARS-CoV-2 was detected by qRT-PCR amplification of
SARS-CoV-2 open reading frame 1ab (ORF1ab), nucleocapsid protein (NP) gene fragments,
and a positive reference gene using DiaPlesQ™ Novel Coronavirus (2019-nCoV) Detection
Kit (SolGent CO, Ltd., Daejeon, Republic of Korea). The conditions for amplifications were
50 °C for 15 minutes (reverse transcription), 95 °C for 15 minutes (initial PCR activation),
followed by 45 cycles of 95 °C for 20 seconds (denaturation) and 60 °C for 40 seconds
(annealing/extension). The result was considered valid only when the reference gene’s cycle
threshold (Ct) value was lower or equal to 38. The result was considered positive when Ct
values of both target genes were lower or equal to 38 and negative when they were both
larger than 38. If only one of the target genes had Ct value lower or equal to 38 and the other

larger than 38, it was interpreted as inconclusive.
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3.4 The sample preparation and SERS measurements
3.4.1 Clinical samples

a) Urethral discharge and vaginal fluids
To perform SERS measurements, one pL of the analysed body fluid (diluted in two uL
of saline solution) was applied onto the SERS substrate and allowed to dry slowly in a
laminar flow chamber. For every sample, ca. 30 single spectra were recorded (every

spectrum — three accumulations with time 6000 ms of a single accumulation).

b) Saliva and nasopharyngeal swabs
Prior to SERS measurements, the analysed samples were removed from the freezer in
batches (a given deep-well plate with saliva or vials with nasopharyngeal swabs). After
thawing at room temperature, 1.5 puL of every sample was applied on the SERS platform
and left to dry slowly in a laminar flow chamber. For every sample, ca. 15 single spectra
were recorded (every spectrum — three accumulations with time 6000 ms of a single

accumulation).

3.4.2 Cultured microorganisms

Research presented in this dissertation includes the spectral analysis of different strains

of microorganisms. Table 2 compiles a list of them with their origin and growth conditions.

Table 2 The set of analysed microorganisms.

Type of microorganism Source Medium and culture

conditions

Neisseria gonorrhoeae ATCC American Type Culture Medium: BD chocolate agar

70825/FA 1090 Collection (ATCC), (GC 1l Agar with IsoVitaleX)

Neisseria sicca ATCC 9913 National Medicines Institute,

Neisseria meningitidis (Warsaw, Poland) Conditions:

ATCC 13102 48 hours at 37 °C in 5 % CO;

Neisseria lactamica

ATCC 23790

Prevotella bivia 9557T Culture Collection of the Medium: De Man-Rogosa-

Fanyhessea vaginae 38953T University of  Gothenburg Sharpe (MRS) Agar

Mobiluncus mulieris 20071T (CCUG)

Mobiluncus curtisii 21018T Conditions:

Gardnerella vaginalis 3717T 48 hours at 37 °C in

Finegoldia magna 17636T anaerobic conditions

Aerococcus tetradius 46590T
Anaerococcus christensenii
28831T
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Type of microorganism Source Medium and culture
conditions
Candida glabrata Institute of Biochemistry and Medium: Yeast extract Peptone
Candida albicans SN148 Biophysics (IBB) (Warsaw, Dextrose (YPD)
Candida albicans dHP17 Poland)

Conditions: 24 hours at 37 °C in
aerobic conditions

After the cultivation, the selected colonies were collected via inoculation loop and
transferred to separate Eppendorf tubes® containing 100 pL of 0.9 % NaCl solution. Next,
the analysed sample was vortexed for 10 seconds and centrifuged for three minutes at
1070xg. The supernatant was removed, and a new portion of saline solution was added. The
bacteria purification was repeated three times, and the final pellet was resuspended in 10 pL
of saline solution and appropriately mixed. For SERS analysis, one uL of such solution was
placed onto the SERS substrate and left to dry for a few minutes. SERS measurements were
performed with the following parameters: three accumulations with a single accumulation

time of 6000 ms and 30 single measurements for each sample.

3.4.3 Chemical compounds

The following compounds were subjected to SERS analysis: D-glucose 99 %
(Cambridge Isotope Laboratories, Inc.); Citric acid, BioUltra, anhydrous, >99.5 % (Sigma
Aldrich); Lactic acid, lithium salt, 99 % extra pure (Thermo scientific); Acetic Acid Optima
LC/MS (Fisher Chemical); Ferritin from equine spleen (Type | saline solution, Sigma
Aldrich); L-tryptophan >99.5 % (NT) BioUltra (Sigma Aldrich); L-tyrosin >99 % (Merck);
L-phenylalanine >98 % (Sigma Aldrich); L-methionine >99.5 % (NT) BioUltra (Sigma
Aldrich); a-amylase from human saliva (Type XIII-A, lyophilized powder, Sigma Aldrich);
Lysozyme from chicken egg white (lyophilized powder, Sigma Aldrich); Albumin from
chicken egg white, lyophilized powder >98 % (Sigma Aldrich); Urea BioReagent >98 %
(Sigma Aldrich).

SERS spectra were recorded for the liquid form of the chemical compounds. In the
case of powder form, ca. 0.6 M aqueous solutions were prepared. For each tested chemical
compound, 2.5 uL of the solution was applied on the SERS substrate, left to dry, and then
analysed (three accumulations with time of a single accumulation 6000 ms, ca. 15 single

measurements for each sample).
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3.5 SERS setup

For the SERS investigations presented in this thesis, Bruker’s BRAVO spectrometer
equipped with Duo LASER™ (700 — 1100 nm) and a CCD camera was used. This is the
handheld, portable Raman device with a built-in background cutoff function, 2 — 4 cm™
spectral resolution, and 100 mW power. The experimental setup (Figure 15A) for SERS
measurements consists of the Raman spectrometer, holder for SERS substrates, and laptop
with OPUS software (Bruker Optic GmbH, 2012 version, Leipzig, Germany). Figure 15B
presents a batch of SERS substrates after the process of laser ablation. Figure 15C shows a
SERS substrate (with a layer of SERS-active metal) attached to a glass slide, ready for a

sample to be applied and analysed.

A)

Figure 15 A) The experimental setup for SERS measurements, B) one batch of SERS substrates, and
C) SERS substrate attached to a glass slide ready for the sample to be analysed.

The post-processing of spectra (with the OPUS software) was done in the following
order: i) baseline correction (concave rubber band correction, number of iterations 6, number
of baseline points 6); ii) smoothing (number of smoothing points 5); iii) normalization (min-
max normalization, the whole range). Then, all the processed data were analysed using
various chemometric methods implemented in the software Unscrambler (CAMO Software
AS, version 10.3, Oslo, Norway).
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SERS platforms

SERS platforms were silicon wafers roughened in the process of laser ablation. This
process consists of three main steps i) cutting the silicon wafer into 3 x 3 mm squares
corresponding to the SERS platforms' desired dimensions; ii) modification with the laser
beam to roughen it at the nano- and micro-levels; iii) deposition of SERS-active metal — the
optimal layer was 100 nm Ag sputtered in the process of physical vapour deposition (PVD

magnetron sputtering device (Quorum, Q150T ES, Laughton, UK)).

Figure 16A presents the results of scanning electron microscopy (SEM) analysis for
the Si material after laser ablation. Figure 16B demonstrates the base material with a 100 nm
Ag layer (Si/Ag SERS platform) exposing the formed nanoaggregates of 80 nm = 20 nm,
which fit perfectly into the range of resonance amplification [165]. Figure 16C presents the
Prevotella bivia cells located on the SERS platform [167].

A) The Si base material after B) The Si/ Ag SERS platform
the proces of laser ablation

C)  The Si/ Ag SERS platform with bacteria cell

Figure 16 The SEM images of A) Si base material after the process of laser ablation and B) with a
layer of 100 nm Ag forming Si/ Ag SERS platforms ready to use, and C) Prevotella bivia cells on the
SERS platform [165,167].
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4.1 Sexually transmitted diseases

This section is devoted to the spectral analysis of selected microorganisms and urethral
discharge for the detection and identification of N. gonorrhoeae in clinical samples. SERS
measurements will be assisted with chemometric methods operated in supervised and

unsupervised mode to extract the proper spectral information.

Firstly, selected strains of Neisseria spp. will be spectrally investigated to create the
catalog of reference spectra. The empirical analysis of obtained data allows the initial insight
into the spectral patterns and recognition of general differences between them. The
subsequent application of chemometric methods significantly facilitates the analysis,
revealing their subtle differences and specific correlations within the data analysed.
Moreover, this catalog will be used to identify microorganisms cultured from a clinical

sample, taking advantage of the unique spectral image they exhibit.

In the next step, the urethral discharge will be characterized to find the spectroscopic
image of gonorrhea. In this strategy, information about the presence of N. gonorrhoeae cells
is trapped in a specific SERS signal of the analysed clinical sample. The PCA analysis
performed for the considered classes, namely gonorrhea-positive (Gon(+)) and gonorrhea-
negative (Gon(—)), will help to extract the desired spectral information and present their
dependencies in the PCs dimension. The supervised methods (SIMCA, PLD-DA) will be
used to create and optimize the calibration models. Then, their performance will be tested at

the stage of external validation — the recreation of actual diagnostic conditions.
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4.1.1 SERS identification of bacteria in clinical samples

The etiological agent of gonorrhea — Neisseria gonorrhoeae is genomically,
morphologically, and phenotypically closely related to other pathogenic and
commensal Neisseria species, e.g. Neisseria meningitidis, Neisseria lactamica, and
Neisseria sicca. Neisseria meningitidis is naturally carried as a commensal in the
(naso)pharynx (10 to 15 % of the general population) but occasionally can cause fatal
septicaemia and meningitis [131]. Although these bacteria mainly reside in the pharynx,

their presence in the reproductive tract has also been reported [168-171].

The first step in identifying bacteria from a clinical sample is to create a catalog of
reference SERS spectra (‘spectral fingerprints’) for selected microorganisms. In the

considered case, the catalog comprises the above-mentioned Neisseria spp. (Figure 17).
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Figure 17 The reference SERS spectra of Neisseria spp. strains (Neisseria lactamica, Neisseria

meningitidis, Neisseria sicca, Neisseria gonorrhoeae) and unknown strain isolated from the patient’s
urethra. The spectra were averaged from ca. 30 single spectra.
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The SERS signal of microorganisms is formulated on the basis of molecular
oscillations in the cell wall and cell membrane, more specifically, the peptidoglycan layer
components, N-acetylmuramic acid, N-acetyl-D-glucosamine, proteins, lipids,
lipopolysaccharides, polysaccharides, phospholipids. It was proved that the SERS spectrum
of bacteria can also be conditioned by metabolic secretions of cells, e.g. metabolites of purine
degradation (adenine, hypoxanthine, xanthine, uric acid, guanine, adenosine
monophosphate) that occur due to the stress that bacteria experience when suspended in a
nutrient-free environment. These secreted compounds appear mostly at the outer layer of
bacterial cells and in the extracellular metabolome as a result of nucleotide degradation
[172-175].

The SERS spectra of all Neisseria spp. are characterized by the intense band at 730
cm ! arising from vibrations in adenine-related compounds (FAD, NAD, ATP, DNA) [176].
Additional features of great importance are 1330 cm™* (CH3CH: wagging in purine bases
and/or NH stretching in adenine, polyadenine) and 1452 cm™* (CH vibrations in lipids,
proteins, and CH> scissoring of phospholipids). The presence of proteins is manifested by
amide 1 and amide 111 signals located at 1250 and 1669 cm ™ [177-179]. The detailed band

assignments are set in Table 3.

All tested strains exhibit a vast majority of bands at the same frequency (e.g., 795, 904,
958, 1002, 1028, 1126, and 1572 cm™). Despite many spectral commonalities, these
microorganisms show differences in the shape and intensity of the bands. Thus, the
formulated unique spectral images reserved only for them provide an excellent reflection of
their molecular external structure. N. sicca can be recognized with the band at 1002 cm™,
appearing as a shoulder of 1028 cm™. In turn, N. meningitidis and N. lactamica reveal weak
bands at 904 and 1572 cm™ compared to N. gonorrhoeae and N. sicca. The SERS spectrum
of N. meningitidis contains low-intensity bands in the entire range, which can be a distinctive
feature. In conclusion, the spectral fingerprints of each Neisseria spp. display certain

characteristic features that are fundamental for taxonomic affiliation.
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Table 3 The tentative assignments of bands on the SERS spectra of Neisseria spp. bacteria [177-179]

Raman Shifts

658

730

795

830

877

904

958

1002

1028

1096

1126

1176

1250

1330

1452

1572

1669

(cm™)

Tentative assignment

C-S stretching, C-C twisting of proteins (tyrosine), COO~ deformation in amino
acids, guanine and thymine (ring breathing modes)

Adenine-related compounds (FAD, NAD, ATP, DNA)

Ring breathing mode of cytosine, uracil, thymine, (O-P-O) symmetric stretching
of nucleic acid

Stretching (O-P-O) of DNA, deformative vibrations of amine groups, tyrosine
C-C-N* symmetric stretching (lipids), C-O-C ring (carbohydrate)
C-C skeletal stretching, tyrosine

C=C deformation,
C-N stretching, C-O stretching, CHs symmetric stretching of proteins (a-helix)

Phenylalanine, C-C aromatic ring stretching

C-N stretching, C-C stretching (phospholipids, carbohydrates),
C-H in-plane bending mode of phenylalanine

PO,™ symmetric stretching,
C-O-C stretching modes in polysaccharides, adenine, polyadenine,
v(C-C), v(C-0), phospholipids

=C-O-C= (unsaturated fatty acids in lipids), C-O-C stretching modes in nucleic
acids, PO, stretching in nucleic acid, C-O and C-C stretching in carbohydrates,
C-N stretching in proteins

C-H in-plane bending mode of tyrosine,
v(C=C), 3(COH) (lipid)

Amide I11 (arising from the coupling of C-N stretching and N-H bending)

CH3CH2 wagging in purine bases,
NH; stretching in adenine and polyadenine, phospholipids

CH; deformation (protein, lipids),

CH: bending mode of protein and lipids,

C-H vibrations proteins and lipids,

CH, wagging, CH2/CHs deformation, CH> bending and scissoring of
phospholipids

A, G (ring breathing modes of DNA and RNA bases)
C=C bending mode (phenylalanine), guanine, adenine, tryptophan

Amide | of proteins (B-sheet)
v(C=C) cis, lipids, fatty acids
Carbonyl stretch (C=0)
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The SERS measurements were complemented by PCA analysis to visualize the
dependencies between analysed data and reveal the prominent variables. The results of PCA
analysis performed for the considered association (reference strains of Neisseria spp. vs.

unknown strain) are presented in Figure 18.
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Figure 18 The results of PCA analysis calculated for the association (reference bacteria vs. unknown
strain) in the form of A) 3D score plot (where Ng (Neisseria gonorrhoeae), Nm (Neisseria
meningitidis), NI (Neisseria lactamica), and Ns (Neisseria sicca)) and B) loading plot of PC-1.

In a new dimension (score plot), all analysed data are presented as points where every
single point refers to one spectrum (Figure 18A). The spectra of the bacteria serving as
reference are arranged in groups. The spectrum of the strain to be recognized is marked with
a green asterisk. The plot score indicates that the first principal component (PC-1) explains
74 % of the spectral information and, together with the two subsequent components (PC-2
and PC-3) — 93 %. Moreover, PC-1 designates the boundary between N. meningitidis and N.
lactamica against N. gonorrhoeae and N. sicca. The green asterisk representing the unknown
strain is in close proximity to N. gonorrhoeae, directly indicating its affiliation to this group
and thus recognition as N. gonorrhoeae. To confirm the veracity of the classification
obtained, this strain was identified by genetic analysis — sequencing of the 16S rRNA gene.
The consistency of results proved the reliability of the SERS-PCA approach for the

microorganism’s identification.

The loading plot is defined along a specific principal component and reveals the
variables that affect the group separation with varying degrees of intensity. The significance

of variables follows the principle — the greater the weight, the greater the influence.
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The corresponding loading plot for this association (Figure 18B) reveals a significant impact
of vibrations in proteins, lipids, and phospholipids with 659, 907, and 1450 cm™! signals.
Other variables at 796, 1028, 1217, 1578, and 1668 cm™* indicate a prominent contribution
of nucleic acids, phenylalanine, lipids, fatty acids, and also proteins due to the vibrations of
amide | [178].

4.1.2 Comparison of methods for the identification of Neisseria
gonorrhoeae

Most currently used tests for bacteria identification (Gram staining, oxidase test,
catalase test, carbohydrate dehydrogenation) are based on visual assessments of observed
effects or cultivated colonies. A number of chemical reagents are also required. Gram
staining is a multistep method where the thickness of the swab and the time of culture
significantly affect the result of the analysis [180,181]. The analysis can also be affected by
the condition of reagents and the staining technique itself. In turn, the carbohydrate
degradation test is time-consuming (4 hours), and false negative results may appear due to
autolyzed organisms from a culture older than 24 hours [133]. Similarly to the SERS method,
MALDI-TOF MS (matrix-assisted laser desorption/ionization time-of-flight mass
spectrometry) requires a small sample volume for analysis. Both methods identify the tested
strain according to a simple procedure and in a relatively short time. Unfortunately, the use
of different matrices and their effect on the quality and reproducibility of results are the
weakest points of MALDI-TOF MS [182,183]. The evident benefit of the SERS technique
is the zero-reagent procedure, which significantly lowers expenses and minimises the
probability of mistakes (Table 4) [184].
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Table 4 The comparison of SERS and commonly used methods for the identification of Neisseria
gonorrhoeae [133,180-183,185-188].

ldea

Time of
analysis
Materials
and
reagents

Visual
assessment

Advantages

Limitations

SERS

Identification at
species and
strain level

15 min

SERS
platforms,
saline solution
(0.9 % NaCl
solution)

No

Small amount
of biological
material
required;
simple
procedure

Reproducibility
of SERS
measurements;
the extended
spectral library
required

Presumptive identification methods

Gram
staining
Cell wall type
(Gram-positive,
Gram-negative)

15 min

crystal violet,
iodine solution,
95 % ethanol,
safranin

Change in cell
color to pinkish-
red

Provides
valuable
information on
the shape and
size of the cells

Colonies can
be difficult to
interpret;
large number of
steps and
reagents

Oxidase test

Biochemical
reaction for the
presence of
cytochrome
2 min

tetramethyl-p-
phenylene-
diamine
hydrochloride

Change in cell
color to dark-
purple

Simple
procedure with
a single reagent;
does not require
expensive
equipment

Can be
performed only
on fresh

colonies (18
24 h);
only platinum
or inert transfer
loops can be
used

Catalase test

Biochemical

reaction for the

presence of
catalase
few seconds

3 % or 30 %
hydrogen
peroxide

Positive
reaction with
bubbling

Simple
procedure with
a single reagent;
does not require
expensive
equipment

False positive
results in the
case of colony
that was grown
on blood or
chocolate
medium

Confirmatory methods

Carbohydrate
degradation
Biochemical
reaction for
identification of
Neisseria spp.
4h

20 % glucose
solution, maltose,
lactose,
sucrose, buffered
balance salt

For glucose: change
in the colour of the
solution from red to
yellow
Does not require
expensive
equipment

Can be performed
only on fresh
colonies (18 — 24 h);
Both false positive
and false negative
reactions are
possible due to
sample
contamination and
the presence of
autolyzed organisms
from culture older
than 24h

MALDI TOF
MS
Identification of
bacteria at
species and
strain level
several dozen
minutes

ethanol,
acetonitrile,
trifluoroacetic
acid,
different
matrices:
a-Cyano-4-
hydroksyci-
nnamic acid,
sinapinic acid,
ferulic acid
No

Small amount
of biological
material
required;
fast and easy
measurement
protocol
Effects of
matrix on
quality and
reproducibility;
the extended
spectral library
required

4.1.3 Spectral pattern of Gon(+) and Gon(—) urethral discharge

Urethral discharge is a complex biochemical matrix abundant in various components.

In the case of a control subject, such secretion contains leucocytes (neutrophilic

granulocytes) and different epithelial cells (pseudostratified columnar epithelium, stratified

squamous epithelium). The epithelial cells are mainly built of glycolipids, phospholipids,

cholesterol, and various surface and transmembrane proteins. There are also urea, uric acid,

creatinine, ammonia, and mineral salts (chlorides, phosphates, carbonates). Due to the

frequent contact with semen, this secretion can be enriched with compounds such as

albumins, putrescine, spermine, spermidine, cadaverine, lipids, prostaglandins, steroid
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hormones, globulins, fructose, vitamins B12 and C, citric acid, acid phosphatase, fibrinolysis,
hyaluronidase, mucus [189-191]. In the case of ongoing gonorrhea, the urethral discharge
also contains N. gonorrhoeae cells. A recent study has shown that for asymptomatic disease,
the gonococcal load is estimated at 2 x 10° copies per swab, and for symptomatic at 3.7 x

108 copies per swab [192].

The analysis presented in this section was performed on a total of 20 samples of
urethral discharge taken from 10 patients diagnosed with gonorrhea (referred to as Gon(+))
and control ones (referred to as Gon(—)). The spectra averaged within a single group (Figure
19) provide the general biochemical description.
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Figure 19 The averaged SERS spectra of Gon(+) and Gon(-) urethral discharge. Spectra were
averaged from 10 Gon(+) and 10 Gon(-) samples i.e. 358 Gon(+) and 311 Gon(-) single spectra. The
abbreviation (sh) stands for shoulder.

The SERS profiles of Gon(—) and Gon(+) specimens are distinct across the whole
analysed range (Figure 19). The spectral differences are associated with the presence of
bands (e.g., 680 cm™ for Gon(-) and 1096 cm™ for Gon(+)) as well as their relative
intensities (e.g., 1003, 1045 cm™?). Moreover, shifting and changes in the shape of the bands
can also be observed. For Gon(-), 953 cm ™ is a shoulder to 936 cm™?, while for Gon(+), the
same band is narrow and separated. In turn, the low intensity 880 cm™ band (for Gon(-)) is
shifted to 888 cm* with 917 cm™ shoulder for Gon(+). All of the alterations result from the

changes at the molecular level of secretion due to the ongoing disease.
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The Gon(-) spectrum is completely dominated by 1003, 1045, 1450, and 1680 cm™*
features. According to the specific biochemistry of the analysed secretions, these bands arise
due to vibrations in phenylalanine and/or urea, spermidine trihydrochloride and/or proline,
albumin and/or creatinine, and cholesterol and/or amide I, respectively. The spectral
manifestation of tyrosine, guanine, and tryptophan is the band located at 1330 cm™
[193,194]. For more information regarding band assignments, please see Table 5.

The Gon(+) spectrum reveals unique bands located at 724, 799, 953, 1096, 1215 with
1240, and 1374 cm™*. These bands highly correspond to the SERS fingerprints of bacteria
(Figure 17). Hence, they can be used as an excellent indicator of the disease. Notably, the
most intense 724 cm™* has already been proven to be a marker band of microorganisms [176].
Considering the overall SERS spectra and the biochemistry they represent, it can be
concluded that the spectral contribution of urethral components is reduced in favor of

bacteria cells in the case of Gon(+) samples.

Table 5 The tentative assignment of the most prominent bands observed on the SERS spectra of
control urethral discharge [72,193-201].

Raman Shifts Tentative assignments
(cm™)
653 Guanine, D-glucose, lactose, O=C-N deformation in uric acid, C-C twisting of
tyrosine
680 Cysteine (C-S) stretching, G (ring breathing modes in DNA bases)
724 C-H stretching vibration in uric acid and/or hypoxanthine, C-N head group choline

(HsC)sN™ in lipids, ring breathing mode of Adenine (RNA/DNA), O-O stretching
vibration in oxygenated proteins, ring breathing mode of tryptophan (protein
assignment), coenzyme A

743 (CNC)s stretching, CH2 rocking, NH2 wagging, thymine

826 vas(O-P-O) of nucleic acids, phosphodiester, glucose, ring breathing mode of
tyrosine (proteins), proline, hydroxyproline

853 v(COC) of glycogen, ring breathing mode of tyrosine (proteins)

880 Proline, valine, glycine, tryptophan, glutamate, v(C-C) hydroxyproline,
vsP(OH)2 of phosphate

936 Spermine tetrahydrochloride, C-C stretching in a-helix, proline, and valine in
proteins, glycogen

953 (sh) Tyrosine in proteins, PO4% symmetric stretching of spermine phosphate

hexahydrate, vsym (CH3) of proteins (a-helix), amino acids, polysaccharides

1003 Aromatic ring breathing in phenylalanine, C-N stretching in urea
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1030 (sh)

1045

1130

1175

1206

1260

1330

1450

1556

1602

1680

CH in plane bending mode of phenylalanine in proteins, C-N stretching in proteins,
CH2CH3 bending modes of collagen and phospholipids

spermidine trihydrochloride, proline, C-O and C-N symmetric stretching in
proteins, v(C-O) & v(C-C) of Glycogen

C—C stretching in lipids (cholesterol, triglycerides) and fatty acids, C—N stretching
mode in proteins, v(C-O-C) in nucleic acids, v(PO2") in nucleic acid, C-O and C-C
stretching in carbohydrates (e.g., glycogen), CNC asymmetric stretching in
spermine and/or spermidine, uric acid, ascorbic acid, L-serine,

Cytosine, guanine, CH in plane bending mode of tyrosine in proteins

A, T (vibration of DNA/RNA), tryptophan & phenylalanine v(C-C¢Hs) mode,
phenylalanine (protein assignment), C-C stretching in tyrosine

Amide Il in proteins (a-helices), collagen =C-H deformation in phospholipids,
glucose

Ring stretching in tyrosine, CH3CH_ deformation of collagen in proteins and lipids,
Ring mode of Adenine and Guanine of nucleic acids, NH> stretching in adenine and
polyadenine, (COH) & (CH) bending of glycogen, tryptophan, proteins (e.g.,
albumin)

d(CHy) in proteins, CH bending of lipids, Glucose, (CH) scissoring and (COH)
bending of glycogen, CH», CH3 bending of tryptophan, C-H stretching of
glycoproteins including mucins, hydrocarbon chain of lipids, bending CH2/CH3 of
triglycerides and fatty acids, albumin, creatinine,

amide II in proteins, v(C=C) tryptophan

Spermine and/or spermidine, C=C in-plane bending of phenylalanine & tyrosine,
proteins (e.g., albumin)

Amide T (B turn, random structure), cholesterol in lipids, spermidine phosphate
hexahydrate

For the studied group of patients (Gon(—) and Gon(+)), the amount of obtained single

spectra (ca. 30 spectra per one sample) was 311 and 358, respectively. Data presented in this

configuration (Figure 20A and B) accurately illustrate spectral diversity between patients

within the same class; the higher is for Gon(-) class. The superposition of unnormalized

averaged spectra (Figure 20C) allows for the comparison of absolute intensities. The Gon(+)

samples are characterised by higher spectral enhancement due to the presence of bacterial

cells multiplied as a result of the ongoing infection.

75



Chapter 4 Results and discussion

A) )
= Gon(+ 12000+
5 son( ) ——Gon(—)
L ——Gon(+)
>
K7)
C
9
£ 9000+
0
=
3
600 800 1000 1200 1400 1600 = §0OOA
. -1 2
Raman shift (cm™') 2
Q
B) k=
Gon(-)
30004
3
8
>
2
g
£ 0+
600 800 1000 1200 1400 1600
Raman shift (cm™)

600 800 1000 1200 1400 1600
Raman shift (cm™)

Figure 20 The SERS spectra of Gon(+) and Gon(-) urethral discharge presented as a superposition
of all gathered spectra of A) 358 Gon(+) and B) 311 Gon(-) and also C) superimposed and
unnormalized averaged SERS spectra.

4.1.4 Chemometric analysis of the spectra of Gon(+) and Gon(-)
urethral discharge

1. The distinction between Gon(+) and Gon(-) classes

PCA analysis was performed for the association of 10 Gon(+) samples (358 single
spectra) vs. 10 Gon(—) samples (311 single spectra) to make the distinction between classes
(Figure 21). The two analysed groups are well separated, with the boundary defined by the
PC-1 axis providing 49 % of the explained information. The three subsequent components
(PC-1, PC-2, and PC-3) are responsible for 69 % of the spectral information. The Gon(-)
class is characterized by a significantly higher distribution of spectral data than the Gon(+)
class (Figure 21A and Figure 21B). This is probably related to inter-patient variability, where
the composition of secretions is strongly influenced by diet, age, health condition, and other
individual factors. Since pathogenic bacteria are not present in the Gon(-—) secretion, the
personal effects can be more visible. This is in contrast to the Gon(+) class, where the high
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spectral contribution of proliferated bacterial cells makes the SERS signal more uniform

across the group.
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Figure 21 The results of PCA analysis of urethral discharge in the form of A) 2D score plot, (B) 3D
score plot, and (C) corresponding loading plot for the PC-1. The calculation was performed for the
association — 10 Gon(+) samples (358 single spectra) vs. 10 Gon(-) samples (311 single spectra).

The differences between classes reflected by the loading plot unveil variables with a
significant impact for diagnostic purposes (Figure 21C). Those located at 1000, 1046, 1132,
1470, and 1681 cm ™t indicate the presence of biomolecules in Gon(-) secretion, e.g. proteins

and lipids. Those at 724 and 1585 cm ™t indicate the pathological origin.

2. The recognition of gonorrhea based on SERS spectra of urethral discharge

Supervised chemometric methods (PLS-DA and SIMCA) were employed to improve
the gonorrhea diagnostic. This two-step analysis consisted of i) the creation of a calibration
model involving 549 spectra (8 Gon(—) and 8 Gon(+) samples) known as training set data;
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i) validation on 120 spectra (2 Gon(—) and 2 Gon(+) samples)) (test set data). To compare
the classification abilities of the two considered methods, the analysis was performed for the

same association involving the same data set.

In PLS-DA analysis, the calibration model was prepared with Kernel algorithm. The
method of validation was cross-validation (random with 20 segments). The model
performance was described by figures of merit (FOM) and reached high values of R (0.96)
and R%y (0.96). The values of root mean square error of calibration (RMSEC) and cross-
validation (RMSECV) were 0.09 and 0.1, respectively. The first latent variable (LV1),
explaining 94 % of the variance in block Y with 49 % of the spectral data (X matrix), presents

a distinct class separation (Figure 22).
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Figure 22 The 2D score plot of PLS-DA analysis performed for 8 Gon(+) (red dots) and 8 Gon(-)
(green dots) samples created a calibration model (training set). The amount of spectral data was 549.

In the second step, the evaluated PLS-DA model was used to classify unknown clinical
samples (four external samples, each consisting of 30 single spectra). The model exhibits
impressive predictive abilities because the predictive values were close to 1 or 0, depending
on the sample type. Standard deviations in the range of 0.04 — 0.31 demonstrate the model's
robustness, which provides correct classification. The 100 % accuracy results from the

proper recognition of all spectral data.

In SIMCA analysis, the analysed classes were independently evaluated with PCA prior
to the subsequent validation (test set). In the analysed association, the Gon(+) and Gon(-)

classes are described by two and three PCs, respectively. The significance level defining
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classification limit equals 5 %. The 9.3 distance between these two models indicates an
excellent distinction between classes. The Cooman’s plot presents the distance of each tested
spectrum to Gon(+) and Gon(—) PCA models (Figure 23A). In this analysis, 9 of 60 external
spectra representing Gon(—) samples were rejected (upper right quadrant), and 4 of 60
Gon(+) spectra have membership of both classes (lower left quadrant). As a result of the
correct classification of 107 samples, the accuracy reaches 89 %. The variable mainly
responsible for the separation is located at 1681 cm™* with a discrimination power of 7.04.
Those located at 724, 907, 996, 1045, 1183, and 1220 cm™?, reaching even 5.7, are also

remarkable in the total distinction (Figure 23B).
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Figure 23 The results of SIMCA analysis in the form of A) Cooman’s plot and B) discrimination
power for 8 Gon(+) (red dots) and 8 Gon(-) (green dots) samples and test set data to be classified
(blue dots). The amount of spectral data used for calibration (training set) was 549, and for validation
(test set) 120.
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4.1.5 Comparison of diagnostic methods for gonorrhea

The results indicated that SERS, supported by an appropriate chemometric method,

can rapidly recognise the presence of N. gonorrhoeae in clinical samples. Due to the

prominent advantages, this approach can facilitate the diagnosis of gonorrhea. Table 6

compares SERS and other techniques used in clinical practice under selected aspects.

Table 6 The comparison of SERS, Gram staining, NAATSs, and culture method for STDs diagnosis

[166,202-204].

Idea

Time of
analysis
Visual
assessments
Chemical
reagents
Steps of
analysis

Advantages

Limitations

SERS
Spectral fingerprinting
of clinical sample

15 min
No
No

Sample preparation;
SERS measurements;
Chemometric analysis

Fast and label-free
sample preparation;
A small amount of
analyte is required for
the analysis

Reproducibility of
SERS platforms;
Instrument failure;
The library of SERS
spectra that cover the
high spectral
variability is required
for building a robust
calibration model

Gram staining
The microscopic
observation of Gram-
stained clinical sample

15 min
Yes
Yes

Distribution of secretion
on a glass slide and
fixation by heat;
Staining with reagents;
Microscopic analysis
Valid diagnostic tool,
especially in settings
with more modest
resources

Very low sensitivity in
the case of
asymptomatic patients
and in the case of throat
and rectal swabs
(method not
recommended);
Other bacteria,
especially Neisseria
spp., which have similar
morphology, affect the
microscopic result in
extragenital samples

NAATS
Amplification of
nucleic acids

3h
No
Yes

Nucleic acid
extraction;
Amplification;
Detection

Do not require the
organism to be viable
for detection;
Screening for
gonorrhea in
asymptomatic patients
Cross-reactivity with
others Neisseria spp.;
Inhibitory substances
may lead to false
negative results;
Carryover
contamination;
Reagent and
instrument failure;
Not suitable for POC
testing;
Cost-prohibitive in
developing countries

Culture method

The cultivation of particular
bacteria, e.g. Neisseria
gonorrhoeae, in appropriate
conditions
1-3 days

Yes
Yes

The preparation of a suitable
medium and the provision of
suitable growth conditions

The ability to preserve
microorganisms for additional
studies, e.g. antimicrobial
susceptibility

Sensitivity may be low in the
case of long distance between the
clinic and the laboratory;
The methodology is intolerant of
delays or inadequacies;

The medium and growth
conditions have to be tailored to
the specific microorganisms;
Gonococci are very demanding
pathogens and do not tolerate
dehydration, and they should be
inoculated immediately after
swabbing;

Other methods should be used
for the identification of the
obtained colonies

The culture method is time-consuming, and the medium and growth conditions have

to be tailored to the specific microorganism under analysis. As gonococci are very

demanding pathogens, they should be immediately inoculated on a culture medium after

swabbing. Gram staining requires access to chemical reagents and an experienced

investigator to reliably determine the presence of pathogenic N. gonorrhoeae diplococci.

Despite these limitations, microscopic imaging of Gram-stained samples is still a suitable
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diagnostic tool in facilities with more modest resources [166]. NAATS belong to the most
widely used and reliable tests for STDs diagnosis because of their relatively high sensitivity
[202]. SERS and NAATS require three major steps. However, the reagent-based NAAT
procedure can lead to significant errors related to carryover contamination or cross-reactivity
with other Neisseria spp. [203]. As SERS spectrally images the actual composition of the
tested material without reagent support, the possible contamination-related errors are
considerably lower. Moreover, the reduced time of analysis (from 3 hours to 15 minutes)

and simple procedure make SERS highly competitive with NAATS.

Point-of-care (POC) tests are beneficial in circumventing the timeliness of traditional
diagnostics. They also allow patients to receive results and treatment before leaving the
doctor's office. The diagnosis on the first day of presentation is a key aspect of managing
treatment appropriately, thus limiting the widespread administration of broad-spectrum
antibiotics. These are the reasons why POC testing is vital in medicine [205]. The WHO
actively supports the development of new POC methods for STDs and, to this end, has
established guidelines for developers and users, known as ASSURED, that have an actual
utility. The first letters of ASSURED denote the characteristics of the ideal POC method
(Table 7) [206].

Table 7 ASSURED criteria for an ideal point-of-care test for STD diagnosis.

ASSURED CRITERIA
Affordable by those at risk for infection
Sensitive very few false negatives
Specific very few false positives
User-friendly very simple to perform (minimal steps required with minimal training)
Rapid and Robust  to enable treatment at first visit (rapid) and does not require refrigerated storage
(robust)
Equipment-free easily collected noninvasive specimens and not require complex equipment
Deliverable to those who need them

The priority was to create simple, affordable, and sensitive POC tests for STDs
diagnosis. According to these guidelines, diagnosis of gonorrhea using SERS and
chemometric methods implemented in a label-free manner fits perfectly with POC testing
standards. The entire SERS-based diagnostic set-up would consist of Raman spectrometer,
a laptop with software, and SERS platforms. As the research presented, SERS analysis can

be successfully performed with a compact, handheld spectrometer that can be easily located
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in the doctor’s office. No storage requirements exist because diagnostics can be performed
immediately after sampling. Due to the low cost of analysis, this method is suitable for
screening tests. It is these POC tests that are preferred by end-users (patients) who wish to

receive a definitive diagnosis and implement treatment immediately [207].

4.1.6 Conclusions

This study indicated that selected strains of Neisseria spp. revealed distinct SERS
signals that correlate closely with their external structure. These results provide a good
foundation for bacteria identification based on the SERS spectra operating on a ‘fingerprint
principle’. In the trial test, the bacteria strain was cultivated from a urethral discharge of a
patient with suspected gonorrhea. The correct results confirmed the reliability of the SERS-
PCA method in the identification of microorganisms based on the previously created spectral

catalog of Neisseria spp.

It was also demonstrated that the SERS signal of the urethral discharge has different
characteristics depending on the presence of N. gonorrhoeae cells. The Gon(+) signal
contains unique bands located at 724, 799, 953, 1096, 1215 with 1240 and 1374 cm™! that
highly indicate the spectral contribution of pathogenic microorganisms. An important aspect
is the amplification of the SERS signal itself; the greater was noted for Gon(+). In PCA
analysis, the PC-1, which explains the highest spectral variability, differs between the two
analysed groups, allocating Gon(+) and Gon(—) on opposite sides in the score plot

dimension.

Supervised chemometric methods were used to recognize 120 external spectra based
on the established calibration models. In the case of PLS-DA, the accuracy was 100 %.
SIMCA provides two more classification options — the analysed sample can get a dual
membership, or it can be rejected. For the analysed association, SIMCA recognized correctly

107 out of 120 spectra, resulting in 89 % accuracy.
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4.2 Vaginal infections

This chapter is devoted to the spectral investigation of selected Candida spp., bacteria
related to BV infection, and vaginal secretions. Analysis of such body fluids is vital from
the point of view of widespread vaginal infections and diseases that affect women’s health
and well-being. The vagina represents a moist biotope that contains a diverse microbiome
changing through the stage of life. It is estimated that 1 — 4 ml of vaginal fluid contains up
to 10° bacterial cells protecting the mucous membrane from infections and maintaining the
physiological balance of the genital tract. The vaginal microbiome is composed of
mycobiome (Ascomycota, Saccharomycetales), virome (Papillomaviridae, Herpesviridae),
archeome (Methanobrevibacter smithii), and bacteriome with Lactobacillus spp. as
dominate ones [208]. During the course of life, the microflora can change for various
reasons, such as age, menstrual cycle, pregnancy, antibiotic treatment, or hygiene. The

surrounding microbiome (e.g., intestinal) can be the cause of the flora changes as well.

The main objective of this section is the spectral analysis of vaginal fluids to extract
the spectral manifestation of pathogens that cause vaginal infections. Due to the complexity
of the topic, the study has been enriched with additional issues, creating a comprehensive
analysis of spectral patterns that reflect distinct biochemical compositions of analyzed
samples. As was mentioned before, the body fluid is highly susceptible to change under the
influence of different factors, e.g. contraception, vaginal irrigation, or dysbiosis. In the first
instance, it is essential to establish the SERS spectrum of a control (vaginal fluid) sample
and identify the parameters that influence the spectral response of an analysed sample.
Hence, each sample was precisely described in several aspects, and any comments and
observations during the diagnosis were noted. A separate subsection will be devoted to the
analysis of the fertile/infertile phase based on two menstrual cycles. Such an established
spectral signal with defined parameters served as a reference and will be used for further
considerations — band assignments and the vaginal infections analysis. The bands will be
identified experimentally and also based on the literature review. In the final step, SERS will
be supported with chemometric methods for the analysis of VVC infection — the group

differentiation and identification of diagnostic marker bands.

83


https://www.sciencedirect.com/topics/immunology-and-microbiology/ascomycota
https://www.sciencedirect.com/topics/immunology-and-microbiology/budding-yeast
https://www.sciencedirect.com/topics/immunology-and-microbiology/papillomaviridae
https://www.sciencedirect.com/topics/immunology-and-microbiology/herpesviridae
https://www.sciencedirect.com/topics/immunology-and-microbiology/methanobrevibacter-smithii
https://www.sciencedirect.com/topics/medicine-and-dentistry/therapeutic-procedure

Chapter 4 Results and discussion

4.2.1 Spectral characterisation of microorganisms

Figure 24 presents the averaged SERS spectra of the common pathogens that are
associated with BV infection. All these spectral fingerprints reveal many similar bands in
the entire range, with the most intense at 730, 1325, and 1459 cm™t. The main spectral
variations are particularly concerned with mutual differences in intensity ratios of the
individual bands (e.g., 649, 923, and 1459 cm™1). One can empirically notice that M. curtisii
is recognized by the intense bands in the region 850 — 955 cm ™t and the one located at 649
cm™L. In turn, F. magna and G. vaginalis can be distinguished from the rest of the studied

microorganisms by weak bands over the entire spectral range.
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Figure 24 The averaged SERS spectra of common pathogenic bacteria present in the vagina. Bacteria
were cultivated on MRS agar in anaerobic conditions at 37 °C and for 48 h. For every sample, ca. 30
single spectra were recorded.
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Figure 25 presents the averaged SERS spectra of chosen Candida spp. Their spectral
signals contain 725 cm ™ and also 1096 cm™, and 1126 cm™, which can be assigned to
branched chains of 1,3-B-glucan and 1,3-B-D-glucan and/or N-acetyloglucosamine,
respectively. These compounds constitute building blocks of chitin and glucagon that create
most of the cell wall [209,210]. Other bands indicating the presence of glucagon and chitin
in the fungal structure are located at 905, 957, 1209, 1244, 1325, 1370, 1459 cmi,
Mannoproteins can be manifested by those at 1244, 1325, 1459, 1592, and 1688 cm™. The
band at 652 cm™* occurs due to C-S stretching and C-C twisting of proteins and/or COO™
deformation in amino acids [211].

A key aspect is that every Candida spp. reveals bands at 836, 905, 1209, 1370 cm ™!
with a significant intensity that allows for their distinction from the analyzed bacteria.

Bacteria are characterized by a lack of these bands or their negligible intensity.
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Figure 25 The averaged SERS spectra of chosen Candida spp. that can colonise vagina. These strains
were cultivated on YPD medium in aerobic conditions at 37 °C and for 24 hours. For every sample,
ca. 30 single spectra were recorded.
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4.2.2 Variability of SERS signal of vaginal fluid

Based on the diagnosis and the interview with patients, the collected samples of
vaginal fluids (characteristics in Table 1A, Table 2A, and Table 3A — appendix section) were

divided into the categories (Table 8).

Table 8 The categories of analysed vaginal fluids.

Category Characteristics
I 4.2 —4.7 pH;

I or 11 purity; many lactobacilli and epithelial cells
I 4.7 -5.6 pH;

/111 or 11 purity; Gram-positive and Gram-negative bacilli or Gram-positive cocci
and few or lack lactobacilli;
usually 10 — 20 leucocytes
1l vaginal irrigation (1 sample)
loss of normal microflora (1 sample)
contraception (vaginal ring with hormones) (1 sample)

v fertile/infertile phase of the menstrual cycle (a woman belonging to control class —
103 vagina fluid samples)
\/ vaginal infections — vulvovaginal candidiasis (VVC), bacterial vaginosis (BV),

gonorrhea, and coinfection (VVC and BV)

The | category comprises samples characterized by normal acidic pH and | purity. The
microflora consists of many lactobacilli. Epithelial cells are also prominent. Therefore, this
group is considered a control one in the conventional diagnostic methods, such as Gram
staining. The Il category of samples is characterized by disturbed microflora and elevated
pH resulting from the proliferation of pathogenic bacteria. On the purity scale, samples are
rated as Il or 1I/111 and do not classify for treatment (this is not vaginal infection). The |11
category contains samples taken from women with loss of normal microflora associated with
age-related processes and those who performed vaginal irrigation and used contraception
before medical appointments. The IV category of samples refers to changes in the fertile and
infertile phase of the menstrual cycle (one woman belonging to the control class, 103
samples of vaginal fluids). The V category includes samples taken from women diagnosed
with vaginal infections such as vulvovaginal candidiasis (VVC), bacterial vaginosis (BV),
gonorrhea, and coinfection (VVC and BV).

The analysis of the mentioned categories is essential to determine whether the spectral
changes between categories are significant to treat category | as a control class in terms of

the SERS analysis. The spectral analysis of all aspects is provided in the sections below.
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a) The spectral analysis of vaginal fluids of the I category

The | category comprises of 21 vaginal fluid samples. The averaged SERS spectra are
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Figure 26 The averaged SERS spectra of vaginal
fluids belonging to I category (I/1I purity, 4.2 - 4.7
pH, many lactobacilli).

set in Figure 26. The consistent
characteristic within this category
(acidic pH of 4.2 — 4.7 and I/11 purity)
leads to the fact that they all share
similar SERS signals with the
dominance of 665, 727, 891, 1336, and
1455 cm™ bands. The only observed
variation is the difference in their
relative intensities, which arise from
personal issues being unreported. Since
all the specimens were taken
disregarding the time of ovulation, this
could be one of the right reasons for the
sample-sample  heterogeneity. The
mutual dependence between circulating
hormone levels and certain components
of vaginal fluid was confirmed by
Huggins [212]. Also, in my research on
SERS time-dependent analysis of the
menstrual cycle, | demonstrated the
existence of spectral effect associated
with biochemical variations of fertile
and infertile phases (details in

subsection d).
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b) The spectral analysis of vaginal fluids of the Il category

The SERS spectra of vaginal fluids belonging to the Il category (Figure 27) have
common bands at 727, 857, 894, 1125, 1336, 1455, and 1685 cm ! identified as typical for
bacteria, as | already demonstrated [167] (for comparison, please see Figure 24). The
samples are characterized by I1/111 or 111 purity, which is a consequence of an overgrowth of
non-lactobacilli bacteria. This is also directly linked with increased pH and leucocyte levels
(usually 10 — 20 leucocytes). During the microscopic examination, the mentioned bacteria
were recognized as pink-stained bacilli (Gram-negative bacteria) and blue-stained bacilli and
cocci (Gram-positive bacteria). These bands with meaningful intensities only confirm the
spectral impact of the number of bacterial cells on the total spectral image.
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Figure 27 The averaged SERS spectra of vaginal fluids of the II category (pH=4.7 - 5.6, I1/1II or 111
purity, Gram-positive and Gram-negative bacilli or Gram-positive cocci, and few or lack lactobacilli).

88



Chapter 4 Results and discussion

¢) The spectral analysis of vaginal fluids of the 111 category

Vaginal irrigation is a treatment that involves mechanically rimming the vagina with
water, thus violating the normal microflora (gray spectrum in Figure 28). Indeed, the
dominance of bands at 1003 cm™* (ring breathing mode of phenylalanine (urea, albumin))
and 681, 853, 893, 1049 cm™* (e.g., lactic acid, acetic acid, citric acid, glycogen, glucose,
proteins) exposes the significant contribution of biochemical compounds to the overall
spectral response of such a sample. The absence of the 730 cm™ band even more strengthens
the thesis of its origin from bacteria. Such a completely different spectral profile indicates

that the irrigation process alters the vaginal milieu significantly.
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Figure 28 The averaged SERS spectra of vaginal fluids of the III category (samples influenced by
vaginal irrigation practice, loss of normal microflora, and contraception usage).

A similar spectral response is observed for vaginal discharge from a woman whose
age-related processes led to the loss of normal microflora, leaving only single epithelial cells
and single Gram-positive cocci (black spectrum in Figure 28). The two analysed spectra
(vaginal irrigation and loss of normal microflora) share similar bands as the composition of

analysed materials is similar — microflora lost through the natural or intentional way.
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Hence, the common bands come from biochemical molecules. Single epithelial cells are
documented by the bands at 660 cm ™ and 1676 cm™?, while the one at 724 cm™ is assigned
to bacteria [167].

The biochemical changes induced by the use of a hormone-loaded vaginal ring lead to
the new spectral image with different relative band intensities (purple spectrum in Figure
28). Since the main components of this contraceptive are -ethinylestradiol and
etonogestrel (3-keto Desogestrel), bands located at 640, 754, 890, 934, 1072, 1138, 1205,
1260, 1336, 1454 cm™* could partially arise due to mentioned hormones [213].

The PLSR analysis for vaginal fluids of the I, 11, and 111 category

PLSR analysis was used to illustrate the correlation between the spectral responses of
vaginal fluids belonging to the three considered categories. The model was created using the
Kernel algorithm and cross-validation (random, 20-segments). The 2D score plot (Figure
29) discloses five main groups of spectra successfully separated according to the aspects
analysed above. Such spatial distribution reveals that all samples belonging to the I category
tend to be located next to each other while maintaining a certain distance from the rest.
Factor-1 explains 43 % of the variance in the Y block, with 39 % of data within the X matrix.
The first ten factors suggested by the model cover 91 % (X matrix) and 84 % (Y matrix) of
total information. The model’s performance is characterized by the low values of RMSECV
and RMSEC (0.18 for both) and high values of R%4 and R?cy (0.86 for both).
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Figure 29 The 2D score plot of PLSR analysis performed for vaginal fluids of the I category (21
samples), Il category (19 samples), and Il category (vaginal irrigation practice (1 sample), a ring with
hormones (1 sample), loss of normal microflora (1 sample)). For every sample, ca. 25 single spectra
were recorded.
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The above analysis demonstrated that all considered abnormalities in the microflora
and the biochemistry of analysed vaginal fluids (Il and 11l category) influence the SERS
signal. Therefore, vaginal fluids grouped under the | category will be treated as a control

class and used for further analysis in the aspect of SERS analysis of vaginal infections.

d) The spectral analysis of the fertile/infertile phase of the menstrual cycle (IV
category)

To specify the hormone-dependent spectral changes within the menstrual cycle, the
analysis was performed for all vaginal fluid samples (103 samples) collected within the first
and the second menstrual cycles of one woman belonging to the control group. Based on the
calendar and the organoleptic method, the fertility window was determined, resulting in the

analysis of two classes of fertile and infertile days.

The 3D score plot of PLSR analysis provides information about the tendency of
grouping spectra for two classes: fertile phase (FP) or infertile (IFP) phase (Figure 30).
Partial overlap between groups can result from improper sampling or potential errors in
phase determination, as biochemical changes can be unpredictable and out of control. The
three subsequent factors (F-1, F-2, and F-3) gather the information at the level of 82 % (X
matrix) and 59 % (Y matrix). The values of R%c and R?cv that characterize the model equal
0.70 and 0.54, respectively. RMSEC and RMSECYV equal 0.28 and 0.34, respectively.

Factor-1(53%, 24%)

Factor-2 (26%, 25%)

Figure 30 The 3D score plot of PLSR analysis performed for the vaginal fluid samples of two
menstrual cycles. The number of samples represented as single points equals 103.
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A detailed analysis of both menstrual cycles in terms of the fertile/infertile phase and
also the differences in spectral images of the rest of the discharges (i.e., menstrual blood and
menstrual spotting) is presented in the article [214]. For a general view, all spectra collected

over the entire two cycles are presented in the appendix section (Figure 1A).

The performed investigations demonstrated that biochemical processes of the
menstrual cycle contribute to the spectral image of analysed vaginal fluid. At this stage of
consideration, such hormone-dependent changes constitute crucial aspects during the
diagnosis of vaginal infections. The interference of two spectral effects (one related to the
biochemical processes within the menstrual cycle and the second to the ongoing infection)
can hinder the reliable diagnosis. Thus, considering hormone-dependent changes as
nonessential can result in the formation of an incorrect classification model, leading to
diagnostic errors. However, creating separate models for at least two phases (as shown here,
fertile/infertile) is labor-intensive and complicates the entire diagnostic procedure.
Consequently, in the following paragraph, cycle- and infection-dependent spectral effects

will be collated to estimate the magnitude of their impact.

The comparison of spectral effects: the phase of the menstrual cycle vs. vaginal
infections

The comparative analysis of spectral effects related to the menstrual cycle phase and
infections was performed on a series of vaginal fluid samples (subsection d) and patients
diagnosed with vaginal infections of different etiological agents. Thus, the cohort of
positively diagnosed patients (Infected cohort (IC)) included the following types of
infection: bacterial vaginosis (BV) (3 patients — BV1, BV2, BV3), vulvovaginal candidiasis
(VVC) (3 patients — VVC1, VVC2, VVC3), coinfection (1 patient — Coinf) and gonorrhea
(1 patient).

The microscopic analysis revealed that the microflora of most IC patients is devoid of
Lactobacillus spp.. They are replaced by numerous pathogenic bacteria, i.e. Gram-positive
and Gram-negative bacilli and/or cocci, indicating an abnormal microbiome. The hallmark
of VVC patients was the presence of blastospores and pseudohyphae. In turn, gonorrhea was
recognized by Gram-negative cocci inside leucocytes. For Coinf. sample, numerous
pathogenic bacteria, including Gardnerella vaginalis, were noted. The culture method also
indicated coinfection with C. albicans. In every analyzed case, leucocyte level is in the range
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of 4 — 10 or even higher, indicating inflammation. The pH level is elevated, reaching the
value of 5 or higher. Thus, all samples reached 111 or IV purity. The detailed characteristics

are presented in Table 2A in the appendix section.

Figure 31 presents the SERS spectra of all analysed samples — the infected cohort
(VVC1, VVC2, VVC3, BV1, BV2, BV3, Coinf., Gonorrhea) along with the reference
spectrum (VF), which is an average of all vaginal fluid samples of the first and second
menstrual cycle. The apparent spectral differences between the two groups indicate a direct
effect of infection. Both groups are characterized by the same bands at, e.g. 665, 723, 1003,
1047, 1330, 1455, and 1670 cm™ 1. However, the differences that refer to their relative
intensities alter the spectral response, making it crucial to achieve a complete differentiation.
The significant observation is the change in the intensity of 723 cm™. This band increases
for the IC samples, which is in line with the previously stated thesis regarding its origin (as
the marker band for microorganisms) and with the biochemistry of the clinical samples
related to the proliferation of pathogen cells. The increased intensity of bands at 1330, 1455,
and 1670 cm™* for IC can also indicate ongoing vaginal infections.
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Figure 31 The averaged SERS spectra of vaginal fluids taken from control woman (VF) and those
with gonorrhea, bacterial vaginosis (BV1, BV2, BV3), vulvovaginal candidiasis (VVC1, VVC2, VVC3)
and coinfection (Candida albicans and Gardnerella vaginalis).
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The dependencies between analysed data of this association (the first and the second
menstrual cycle vs. IC class) were visualized with PLSR method in two distinct ways, such
as VF with IC samples (Figure 32A) and FP, IFP of VF with IC samples (Figure 32B). These
specific configurations deliver information about the magnitude of spectral effects resulting
from the day of the menstrual cycle and infections as well. Both analysed models reveal the

high-level distinction of spectral data described by subsequent factors. Hence, the F-1, F-2,
and F-3 encompass 78 % (X matrix) with 60 % (Y matrix) for the VF-IC model and 79 %
(X matrix) with 44 % (Y matrix) for the model with phase specification (FP-IFP-1C model).
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Figure 32 The 3D score plots of PLSR analysis for the association VF samples of the first and the
second menstrual cycle and IC (VVC1, VVC2, VVC3, BV1, BV2, BV3, gonorrhea and Coinf.) divided
into two ways A) VF and IC class (VF-IC model) and B) FP and IFP of VF and IC class (FP-IFP-IC

model).

Such spatial data distribution reveals a prominent impact of the etiological agent and

any other changes that infection brings. Considering the equally good separation for the
FP-1FP-1C model (Figure 32B), where only samples among VF (FP and IFP) tend to overlap,
the effect associated with infection is more significant than that of hormonal changes. In this

configuration, Factor-1 allocates the vast majority of VF on the negative side of the score

plot against IC samples on the opposite side with a relatively large distance along F-1. The

high values of R? (R%c=0.85 and R%cv=0.80) and low values of RMSE (RMSEC=0.10 and

RMSECV=0.12) indicate the excellent prediction abilities by the VF-IC model where the

recognition of vaginal infections can be performed.
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The weighted regression coefficient for the VF-1C model (Figure 33) reveals 665, 800,
891, 1052, and 1297 cm™! variables which are typical for VF and come from biomolecules
of secretion (lactic acid, citric acid, saccharides, glycogen, proteins, lipids, fatty acids, and
nucleic acids) [154,199,215,216]. In turn, those at 730, 958, 1330, 1456, and 1600 cm™
indicate specific oscillations in adenine (FAD, NAD, ATP, and DNA), proteins, and lipids
(CH2 deformation, CH> bending mode, C-H vibrations), phospholipids (NH: stretching, CH>
bending and scissoring) that create the microorganism’s cells [178,179]. As they arise due
to the high accumulation of pathogenic microorganisms, they are suitable biomarkers of
infection.
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Figure 33 The weighted regression coefficient (VF response, Factor-2) for the VF-IC model.

The above analysis demonstrated that although there are spectral differences resulting
from the phase of the menstrual cycle, these are considerably weaker compared to infection.
This information is of great significance for diagnostics as it allows testing regardless of the
day of the cycle.

4.2.3 Spectral response of a control vaginal fluid

The vaginal fluid is a body secretion composed of exfoliated cells, vulvar secretion,
and secretion of Bartholin’s and Skene’s glands and exudate through the vaginal wall. It is
enriched by the fluids from an upper reproductive tract, e.g. endometrial fluid, oviductal
fluid, and cervical mucus, whose character and amount highly depend on the ovulatory cycle

[212]. Water accounts for 92 — 98 % of the total composition of the cervical mucus.
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The accompanying ingredients include electrolytes (e.g., sodium chloride and potassium
chloride), organic constituents (e.g., ascorbic acid, citric acid, and squalene), lipids (e.g.,
cholesterol and glycerides), phospholipids, amino acids, and fatty acids. Among the high
molecular weight components, the most distinctive are glycoproteins (mucins) structured
from long polypeptide chains with oligosaccharides as side chains. Other are neutral sugars
(e.g., fucose and galactose), amino sugars (e.g., glucosamine, galactosamine), enzymes and
enzyme inhibitors (e.g., trypsin, antitrypsin, and amylase), and sialic acid. Proteins (e.g.,
transferrin and albumin) with immunoglobulins are other constituents of a vaginal secretion
arising from the direct synthesis by the vaginal mucosa. It is not excluded that they can
appear by transduction process or as a product of the upper genital tract, e.g., cervix
(heptaglobin, B-lipoprotein, and a-macroglobulin). Carbohydrates (e.g., glucose,
maltotriose, maltose, and glycogen) are essential substrates in terms of enzymatic or
microbial processes leading to lactic and acetic acid production [212,217]. Other compounds

are urea, glycerol, vaginal peptidase, acid phosphatase, and pyridine [218].

To specify the SERS spectrum of a control vaginal fluid, all 21 reference signals
(Figure 26) were averaged and presented with standard deviation in Figure 34A. This
representative spectral image captures the entire range of components of the analysed
vaginal fluids. The band assignments were based on the existing literature and SERS spectra
of the most typical chemical compounds, e.g. lactic acid, citric acid, acetic acid, urea,
glucose, and albumin (Figure 34B and Figure 34C). Moreover, a specially designed
experiment aimed at the progressive separation of epithelial cells, microorganisms, and
biochemical molecules contributed to a better understanding of signal enhancement.

However, its detailed description is included in the article [219].
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Figure 34 The averaged SERS spectrum of A) all vaginal fluids (21 samples) representing the control
group and SERS spectra of B) and C) the common biochemical compounds present in a vagina.

The averaged SERS spectrum of control VF is dominated by the band at 665 cm™,
which arises due to specific oscillations in thymine, guanine, tyrosine, cytosine, and other
amino acids, while the one at 891 cm™ indicates the presence of saccharides. The nucleic
acids can be manifested by the band at 727 cm™ (ring breathing mode of adenine) but also
800, 828 cm ™ (vas(O-P-O) and vs(O-P-0)), and 1082, 1125 and 1336 cm™. Various
compounds such as lipids, proteins, glycoproteins, triglycerides, and fatty acids contribute
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to the band at 1455 cm ™. The spectral influence of proteins is evident in different bands, e.g.
828, 853, 891, 954, 1003, 1207, 1455, and 1599 cm™*. Those located at 1237 and 1297 cm™!
are the signals of amide 111 of proteins, while the one at 1673 cm™* arises due to amide | of
proteins [151,154,155,215,216,220-223]. For more information, please see Table 9.

Table 9 The tentative assignments of the most intense bands present on the SERS spectra of the
control vaginal fluid [151,154,155,215,216,220-223].

Raman shift Tentative assignment for control vaginal fluid
(cm™)
665 Lactic acid, ring breathing mode of Thymine, Guanine (DNA/RNA), C-C twisting
of proteins (tyrosine), C-S stretching of cytosine, COO~ def in amino acids, C-S
stretching mode of cystine (collagen type I)

727 Ring breathing mode of Adenine (RNA/DNA), O-O stretching vibration in
oxygenated proteins, ring breathing mode of tryptophan (protein assignment), C-N
head group choline (H3C)sN* (lipid assignment), glycoproteins like mucins

800 Vas(O-P-0) & vs(0O-P-0) of nucleic acids, citric acid

828 vas(O-P-O) of nucleic acids, phosphodiester, glucose, ring breathing mode of
tyrosine (proteins)

853 Acetic acid, lactic acid, v(COC) of glycogen, ring breathing mode of tyrosine
(proteins)

891 Citric acid, saccharides (glucose), proteins (e.g., aloumin)

938 C-C stretching in a-helix, proline, and valine in proteins, glycogen, citric acid

954 vsym (CH3) of proteins (a-helix), amino acids, polysaccharides

1003 Aromatic ring breathing in phenylalanine (proteins), C-N stretching in urea

1047 C-0 and C-N symmetric stretching in proteins, v(C-0) & v(C-C) of Glycogen, citric

acid, v(C-0), v(C-CO0,), v(C-CHs) of lactic acid

1082 C-N stretching mode of proteins, vs(PO2") in nucleic acids, carbohydrates (e.g.,
glycogen), C—C stretching in lipids (cholesterol, triglycerides) and fatty acids,
v(C-0), 3(C-COH) of lactic acid

1125 C—C stretching in lipids (cholesterol, triglycerides) and fatty acids, C—N stretching
mode in proteins, v(C-O-C) in nucleic acids, v(PO;") in nucleic acid, C-O and C-C
stretching in carbohydrates (e.g., glycogen), v(C-CHs) of lactic acid, acetic acid

1207 A, T (vibration of DNA/RNA), tryptophan & phenylalanine v(C-CsHs) mode,
phenylalanine (protein assignment), C-C stretching in tyrosine

1237 Amide 11 of proteins arises from v(C-N) coupled with dpend(N-H) (B-sheet), citric
acid

1297 Amide 111 of proteins arises from v(C-N) coupled with dpend(N-H) (a-helices),

& (CHb) wisting OF lipids (cholesterol and its ester, triglycerides) and fatty acids
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1336 Ring mode of Adenine and Guanine of nucleic acids, NH; stretching in adenine and
polyadenine, (COH) & (CH) bend of glycogen, tryptophan, proteins (e.g., albumin)

1414 d(CHy) of nucleic acids, & (CH2) vending OF fatty acids, acetic acid, citric acid

1455 das CH3 of lactic acid, 8(CHy) in proteins, CH bending of lipids, Glucose, (CH>)
scissoring and (COH) bending of glycogen, CH2, CH3 bending of tryptophan, C-H
stretching of glycoproteins including mucins, hydrocarbon chain of lipids, bending
CH./CHj5 of triglycerides and fatty acids

1599 Ring C-C stretching of phenylalanine, C=C in-plane bending of phenylalanine &
tyrosine, acetic acid, proteins (e.g., albumin)

1673 Amide | of proteins arises from v(C=0) (B-turn, random structure), v(C=C) of the
ring of cholesterol and its esters

4.2.4 Spectral recognition of vulvovaginal candidiasis (VVC)

Given the significant prevalence, this section is devoted to the spectral analysis of
vaginal fluids samples taken from women diagnosed with VVC (the detailed characteristic
in Table 3A). The averaged VVC signal was collated with the control one in separation
(Figure 35A) and superposition (Figure 35B). Both spectral images reveal bands with similar
shapes located at the same position with the dominance of 665, 727, 891, 1336, 1455, and
1673 cm™1. Compared to the control class, bands at 727, 954, 1003, and 1125 cm™* and in
the region 1200 — 1700 cm™* of VVVC spectra are intensified as a consequence of the ongoing
infection. This spectral trait is caused by the presence of Candida spp. and the pathogenic

bacteria accompanying infection.
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Figure 35 The averaged and normalized SERS spectra of vaginal fluids taken from all 21 patients
belonging to the control group and all 12 patients diagnosed with VVC presented in A) separation
and B) superposition.
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The results of PLSR analysis for the analysed association — 21 control samples vs. 12
VVC samples are presented in Figure 36. The calibration model was created according to
Kernel algorithm and cross-validation (random, 20-segments). The distribution of spectral
data reveals well-separated classes with three factors gathering the information at the level
of 61 % (X matrix) and 84 % (Y matrix). The high values of R and R%cv (both equal 0.86)
and low values of RMSEC and RSMECYV (both equal 0.18) indicated an excellent predictive

ability of the created model where the VVC infection can be recognized.
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Figure 36 The 3D score plot of PLSR analysis performed for the association (21 control vs. 12 VVC
samples). For every sample, ca. 25 single spectra were recorded and presented as single points.

The VVC class covers more space on the plot score dimension than the control one.
This spread of the VVC class is directly related to the more diverse spectral information
carried by an ongoing infection. The analysed VVVC samples are highly variable in terms of
pH, leucocytes, and whole microflora (in terms of quantity and quality of microorganisms).
According to the biochemical description of samples (Table 3A), the majority of patients
had microflora consisting of mycelial fragments. The pH was increased in the company of
pathogenic bacteria (Gram-positive cocci and Gram-positive bacilli). For four patients
(VVC1, VVC3, VVC5, VVC10), the presence of lactobacilli maintaining pH of 4.7 and
accompanying blastospores or pathogens were noted. Also, for four patients (VVC1, VVC7,

VVC8, VVC10), the infection was diagnosed solely based on the culture method.
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The analysed weighted regression coefficient (Figure 37) referring to the F-1 and
Control response reveals 669, 891, and 1047 cm™! being significant for the control class.
These bands represent the oscillations in amino acids, proteins, saccharides, and other
components such as lactic acid and/or citric acid. While those characterizing VVC class —
727, 1003, 1125, 1258, 1331, 1455, and 1670 cm™ highly correlate with the spectral

‘fingerprints’ of microorganisms.
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Figure 37 The weighted regression coefficients of PLSR analysis performed for the association (21
control samples vs. 12 VVC samples). This plot refers to the Factor-1 and Control response.

4.2.5 Conclusions

In this section, SERS and PLSR chemometric method were used to track the spectral
variations of vaginal fluids encountered from biochemical and microflora disorders. It has
been demonstrated that decreased purity, intentional activities (contraception, irrigation), or
natural age-related processes alter the biochemistry and the whole vaginal milieu.
Consequently, the SERS spectra of those vaginal fluids reveal distinct characteristics
compared to the control class.

The time-dependent analysis of the menstrual cycle revealed the existence of spectral
differences between fertile and infertile phases as a result of the changing levels of various
substances involved in biochemical processes. Moreover, the comparative analysis provided
significant information about the magnitude of spectral effects — those associated with
changes in ongoing infection are greater than those within the menstrual cycle. This is a
relatively comfortable situation, as the diagnosis can be made regardless of the day of the

menstrual cycle.
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In the last step, the established control class was related to the VVVC class to detect the
spectral characteristic induced by the ongoing infection. The analysis of 12 VVC patients
revealed the presence of spectral features indicative of bacterial and Candida spp.
proliferation tightly associated with infection. The assistance of PLSR allows for the
profound analysis of the data set in the association Control vs. VVC class. The first three
factors explaining the majority of spectral information designated a clear boundary between
the two considered classes. The performance of the created model was described by
satisfying FOM values, indicating its high ability to recognize VVC infection. PLSR
revealed the variables of particular relevance for the differential analysis of control and VVC
class. Hence, 727, 1003, 1125, 1258, 1331, 1455, and 1670 cm™* constitute the spectral
representation of microorganisms. The 669, 891, and 1047 cm™! bands are indicative of the
biochemical composition of vaginal fluid, such as amino acids, proteins, saccharides, and

lactic acid.
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4.3 COVID-19

This chapter is focused on the analysis of saliva and nasopharyngeal swabs to search
for the spectroscopic image of SARS-CoV-2 infection. SERS measurements will be assisted
with various chemometric methods operating in supervised mode. The aim is to find the
best-performing algorithm for the accurate extraction of spectral information and the
associated distinction between CoV(-) and CoV/(+) classes. The first step encompasses the
spectral analysis of the two materials collected from patients who tested positive and
negative for COVID-19. Such characterisation includes the identification of spectral
differences being significant for diagnostic purposes as well as their recognition at the
molecular level. Then, calibration models consisting of well-defined classes will be created
and optimized for the selected chemometric methods (PLS-DA, PCA-LDA, and SVMC).
Their efficiency in COVID-19 recognition will be tested based on the classification
involving external samples not belonging to the calibration models. The biochemical
information associated with infection is specifically encoded in SERS spectra and can be
revealed differently depending on the type of clinical material (saliva, nasopharyngeal
swab). Therefore, the diagnostic parameters (accuracy, specificity, sensitivity) will enable
us to compare chemometric methods adopted to SERS technique and also to specify the

usefulness of the analysed clinical material for COVID-19 diagnosis.
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4.3.1 Spectral characterisation of CoV(+) and CoV(-) saliva

Saliva is a colourless fluid consisting of 94 — 99 % water. The pH is usually 6.64 and
is highly dependent on the level of CO; in the blood. The inorganic constituents (0.2 %)
include electrolytes (e.g., sodium, calcium, potassium, chloride, magnesium), whereas the
organic ones (0.5 %) are oligopeptides, polypeptides, glycoproteins, glucose, a-amylase,
maltase, serum albumin, urea, uric acid, ascorbic acid, creatinine, lactate, amino acids. The
salivary compositions also contain hormones (testosterone, cortisol), enzymes, and
immunoglobulins IgA, 1gG, and IgM [224,225]. The presence of proteins such as lactoferrin,
lysozyme, peroxidase, cystatins, mucins, cathelicidin (LL-37), salivary agglutinin (gp340,
DMBT1), alpha-defensins, beta-defensins make saliva to have antiviral functions. Saliva
also contains exfoliated epithelial cells, white blood cells, serum elements, oral
microorganisms, and their metabolites. In the context of COVID-19 infection, salivary
glands can be a significant reservoir for SARS-CoV-2 virus. The positive rate of COVID-19
in the saliva can exceed 92 %. This may explain the incidence of asymptomatic cases, where
saliva is the main source of infection transmission. Saliva, as a clinical material, holds
several vital traits that facilitate testing and screening for COVID-19. Therefore, it should

be spectrally considered as a body fluid with potential use in diagnostics [226].

The complete analysis of saliva samples was performed on 169 patients, including 82
patients with a positive SARS-CoV-2 test result (hereafter CoV(+)) and 87 patients with a
negative SARS-CoV-2 test result (hereafter CoV(-)). The averaged spectral responses of
CoV(+) and CoV(-) saliva with standard deviation (SD) (the ribbon-like plot) are depicted
in Figure 38A and as superimposed in Figure 38B. The calculated SD, which ranges from
15 to 39 %, unveils the spectral differences manifested as variations in the intensities of
bands. They may correspond to individual patient traits, the stage of the disease, and the

specific body response to infection.
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Figure 38 The averaged and normalized SERS spectra of CoV(+) and CoV(-) saliva samples
presented A) with the standard deviation (SD) and B) as superimposed. The spectra were averaged
from 72 CoV(+) and 77 CoV(-) samples. For every sample, ca. 15 single spectra were recorded.

The SERS spectrum of CoV(-) saliva (Figure 38A) reveals the presence of proteins in
the form of signals of amide 111 (1243 and 1270 cm™?), amide 11 (1550 cm™), and amide |
(1690 cm™). The 1452 cm™ can be assigned to, e.g. lipids, glycoproteins, triglycerides, and
fatty acids, while the one at 1604 cm™ to hydroxyproline, hypoxanthine, and C=C in-plane
bending mode of phenylalanine and tyrosine. The unique signals 691, 1047, and 1402 cm™*
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for CoV/(-) constitute a key differentiating element. According to the literature, these bands
represent specific oscillations in cytosine, C-O, C-N stretching in proteins, and also C-CH3

of glycogen and bending of the methyl group in proteins, respectively [68,199].

The intensity ratio of 853/828 cm™ unveils the specific nature of tyrosine residues
[227]. For CoV/(-) saliva, this ratio equals 4.8. As a result of SARS-CoV-2 infection, the
band at 853 cm™ loses intensity, decreasing the 853/828 cm™ ratio to 0.8 value. This can be
explained by some specific interaction between tyrosine residues that now are hydrogen-
bonded acceptors with viral proteins (spike glycoproteins) or other expressed molecules
(ACEZ2 receptor) [226] and immunity proteins (IgA, IgM, 1gG) [228].

Saliva, which is spectrally characterized by 654, 724, 1243, 1325, and 1452 cm™?,
exposes specific oscillations in methionine (e.g., C-S stretching and CHs, CH2 deformation)
or methionine adenosyl transferase (the enzyme that converts methionine to S-adenosyl
methionine) [229]. It was observed that the intensity ratio of the individual bands to the band
at 1002 cm™ (lgsa/l1002, 1724/11002, l1325/11002, l1a52/11002) is higher for CoV(+) samples. Two
phenomena can support this conclusion. Firstly, in the presence of nonstructural proteins
(e.g., nsp10, nspl4, and nspl16) of SARS-CoV-2, S-adenosyl methionine is involved as a
methyl donor in the process of viral RNA cap methylation (transferring a methyl group to
the viral genome). This process is essential for virus replication, translation, and continued
survival in host cells. The efficiency of S-adenosyl methionine synthesis is correlated with
the level of methionine. If the methionine concentration is too low, the viral
methyltransferase reaction will be blocked. The reduced ability of the virus to properly
replicate ultimately leads to the degradation of viral genomes. Secondly, during SARS-CoV-
2 infection, T-cells and macrophages are over-activated, resulting in a massive increase in
the level of cytokines (IL-1p, IL-6, TNF-a) and proteins associated with the macrophage.
Upon this activation, T-cells also have an increased requirement for methionine [230,231].
The spectral manifestations of T cells are 1094, 1325, 1372, 1452, and 1690 cm™. Their
increased intensity (in relation to 1002 cm™?) for CoV/(+) saliva only confirms the mentioned

overactivation [232].

Ferritin is a protein that stores iron and releases it during cell proliferation or metabolic
renewal. Testing ferritin levels is important from the point of view of its deficiency as well
as excess, which is associated with various diseases (e.g., anemia) [233]. Recent studies have

shown that salivary ferritin levels can rise significantly during COVID-19 infection [234].
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Moreover, immunoglobulins (e.g., 1gG) are produced by immune system cells in response
to some external agent (e.g., viruses). These proteins, having the ability to recognize and
specifically bind to their antigens, lead to the inactivation of microorganisms [235]. In these
studies, the observed intensified bands in the region 1200 —1300 cm™ but also 1452 and
1690 cm™ may reflect the increased level of ferritin [221] and specific immunoglobulins in
CoV(+) saliva [236].

Due to the diversity of bond oscillations that contribute to the SERS signal formation,
the aforementioned bands at 1094 and 1325 cm™ can also have different origins. Hence,
they can arise due to specific oscillations — vs(PO2") in nucleic acids and CH3sCH2 wagging
mode in purine bases of nucleic acids [199]. Their increased intensity for CoV(+) saliva can
be explained by the multiplication of genetic material during infection.

The SERS measurements for chemical compounds were performed in a standardized
manner — conditions and parameters (SERS substrates, device, laser line, laser power) are
consistent with those for clinical samples. The defined signals help to reinforce the analysis
and understand the formation of spectral responses of clinical samples. The averaged SERS

spectra with the identified bands [237—240] are presented in Figure 39 and Figure 40.
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Figure 39 The averaged SERS spectra of selected amino acids (liquid form). For every sample, ca. 15

single spectra were recorded.

Legend: v — stretching; s — symmetric; as — asymmetric; 0 — deformation; p — rocking; o — wagging; t

— twisting/ torsion.
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Figure 40 The averaged SERS spectra of selected proteins (liquid form). For every sample, ca. 15

single spectra were recorded. Phen — phenylalanine; Tyr — tyrosine; Trp — tryptophan.
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Considering the literature review and the defined SERS spectra of the mentioned
chemical compounds, the bands on the SERS spectra of saliva and nasopharyngeal swabs
were identified. The entire spectral characteristic of saliva and nasopharyngeal swabs with

the listed bands and the proposed assignments is presented in Table 10.

Table 10 The tentative assignments for the prominent bands observed on the SERS spectra of CoV(+)
and CoV(-) saliva samples and nasopharyngeal swabs [68,155,245-247,199,220,221,227,241-244].

Raman shift (cm™)

Saliva Nasopharyngeal Tentative assignment
swabs
CoV(-) CoV(+) CoV(-) CoV(+)
622 622 622 622 adenine, C-C twisting mode of phenylalanine (protein)
649 654 654 654 C-S stretching vibration in methionine, C-C twisting mode
of tyrosine
- - — 688 G (ring breathing modes in the DNA bases)
691 - - - d(0-C=0) creatinine, cytosine
724 724 724 724 Ring breathing mode of adenine (RNA/DNA), O-O

stretching vibration in oxygenated proteins, glycoproteins
like mucins, ring breathing mode of tryptophan (protein
assignment), C-N head group choline (H3C)sN* (lipid
assignment)

828 828 828 828 vas(O-P-0O) of nucleic acids, phosphodiester, glucose, ring
breathing mode of tyrosine, transferrin (tyrosine, H-
bonding)

853 853 853 853 v(COC) of glycogen, ring breathing mode of tyrosine,
transferrin (tyrosine, H-bonding)

878 878 878 878 Proline, valine, glycine, tryptophan, glutamate or v(C-C)
hydroxyproline, transferrin (tryptophan, H-bonding) or
vsP(OH) of phosphate

925 925 925 925 C-C stretching proline ring, carboxylates including glucose
and glycogen

956 956 956 956 hydroxyapatite, xanthine, proline, valine
1002 1002 1002 1002 aromatic ring breathing of phenylalanine,

phenylalanine in lysozyme, lactoferrin, albumin,
transferrin

1030 1030 - - C-H in-plane bending mode of phenylalanine,
phenylalanine in lysozyme, lactoferrin, albumin

1047 - 1045 1045 C-0O and C-N stretching in proteins,
v(C-0) & v(C-C) of glycogen
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1094 1094 1094 1094 vs(PO2") in nucleic acids

1128 1128 1128 1128 C—C stretching in lipids (cholesterol, triglycerides) and
fatty acids, C—N stretching mode in proteins, v(C-O-C) in
nucleic acids, v(POz7) in nucleic acid, C-O and C-C
stretching in carbohydrates (e.g., glycogen)

1172 1172 1172 1172 bending C-H tyrosine, transferrin (tyrosine, CHs)

1207 1207 1207 1207 A, T (vibration of DNA/RNA), tryptophan &
phenylalanine v(C-CsHs) mode, phenylalanine (protein
assignment), C-C stretching in tyrosine, hydroxyproline,
tryptophan in lysozyme, lactoferrin, albumin

1243 1243 1243 1243 Amide IIl in proteins (random structure), e.g. albumin,
lysozyme

1270 1270 1270 1270 Amide Il in proteins (a-helix), e.g. transferrin, a-amylase
1325 1325 1325 1325 CH3CH2 wagging mode in purine bases of nucleic acids

1372 1372 1372 1372 Lipids, proteins (tryptophan), T, A, G (ring breathing
modes of the DNA/RNA bases)

1402 — - - Bending of methyl groups in proteins

1452 1452 1452 1452 d(CHy) in proteins, CH bending of lipids, Glucose, (CH>)
scissoring and (COH) bending of glycogen, CH2, CHs
bending of tryptophan, tryptophan in lysozyme, lactoferrin,
albumin, C-H stretching of glycoproteins including
mucins, hydrocarbon chain of lipids, bending CH2/CH3 of
triglycerides and fatty acids

1550 1550 1553 1553 Amide Il in proteins, v(C=C) tryptophan
1604 1591 1586 1586 tryptophan, hydroxyproline, hypoxanthine,
C=C in-plane bending mode of phenylalanine and tyrosine,

cytosine (NH>)

1690 1690 1685 1685 Amide | in proteins (e.g., lysozyme, lactoferrin, aloumin)

1788 1788 1780 1780 Albumie, lysozyme, tryptophan, tyrosine

4.3.2 Chemometric analysis of the spectra of saliva

The supervised chemometric methods PLS-DA, PCA-LDA, and SVMC were used to
analyse the SERS spectra of saliva to recognize the spectral image of COVID-19. The same
set of spectral data was used separately for each method, comprising two main parts
(calibration and validation) (Table 11).
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Table 11 The participation of individual saliva samples at the calibration and validation stage for all
adopted methods (PLS-DA, PCA-LDA, and SVMC).

Operation Calibration Validation
. No. of No. of No. of No. of
Material
samples samples spectra samples samples spectra
CoV(+) saliva 72 10
149 2220 20 300
CoV(-) saliva 77 10

The calibration models for saliva were constructed using 149 samples (72 CoV(+) and
77 CoV(-)). The classification abilities of created models were tested on 20 external samples
(10 CoV(+) and 10 CoV(-)) that were not involved in the calibration step. Validation was
intended to imitate the actual diagnostic conditions. Therefore, to deviate from suggestions
and provide conditions that were as close to the real ones as possible, all information about
the sample origin was delivered after measurements. Approximately 15 single spectra were
recorded for each sample, with a distribution for the calibration and validation stage of 2220

and 300 spectra, respectively.

To compare the classification performance of chemometric methods, the diagnostic
parameters (accuracy, sensitivity, and specificity) were determined according to the

following formulae:

Accuracy = __IPHTIN __ 400% (4.1)
TP+TN+FP+FN

Sensitivity = TPT+PFN. 100% (4.2)

Specificity = ——~—-100% (4.3)

where: TP — true positive,
FP — false positive,
TN — true negative,
FN — false negative.
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1. Partial least squares discriminant analysis (PLS-DA)

The PLSR calibration model was established using the Non-linear Iterative Partial
Least Square (NIPALS) algorithm and random cross-validation (10-segments). Given the
enormous biochemical variability in the analysed materials related to personal issues, the
data fit the model correctly, resulting in relatively high R? and low RMSE values. Hence,
R% and R%cv equals 0.70 and 0.69, respectively. RMSEC and RMSECYV are 0.27 and 0.28,
respectively.

The score plot (Figure 41A) represents that CoV(—) and CoV(+) saliva samples are
largely separated from each other and tend to create two clusters depending on the origin —
red one (CoV(+) samples) and green one (CoV(—) samples). The partial overlapping of
samples can be elucidated by PCR method inaccuracies (false negative or false positive
results) directly related to the misdiagnosis in the hospital. The first latent variable (LV1)
explains 40 % of the variance in block Y with 22 % of the spectral data (X matrix), while
LV2 explains 5 % with 21 % of the data within the X matrix. The eleven factors encompass
80 % (X data) and 70 % (Y data) of all spectral information.
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Figure 41 The results of PLS-DA analysis performed for 72 CoV(+) and 77 CoV(-) saliva samples in
the form of A) 2D score plot and B) weighted regression coefficients (CoV(-) response, Factor-3). For
each sample, ca. 15 single spectra were recorded and presented as dots on the score plot.
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The plot of weighted regression coefficients calculated for the three components and
CoV/(-) response is presented in Figure 41B. The identified variables have positive
coefficients (691, 853, 1002, 1047, 1132, 1605, 1785 cm™?) and negative coefficients (654,
721, 956, 1094, 1238, 1568, 1698, cm™). The variables that have the largest value of
regression coefficient play a significant role in a regression model, and for saliva, it is 721
cm 1 with 0.05 weight and also 691, 1605 cm™ (0.03 weight) and 1094 cm™ (0.02 weight).

The PLS-DA calibration model of saliva is characterized by 97 % sensitivity, 90 %
specificity, and 93 % accuracy. In the validation of 20 external samples, three of them stated
as CoV(-) and one stated as CoV(+) had incorrect predictive values, resulting in 90 %
sensitivity, 70 % specificity, and 80 % accuracy (Table 12). For most analysed samples, the
values of standard deviation (STD) are between 0.15 and 0.34, demonstrating the robustness

of the model created.

Table 12 Diagnostic parameters (sensitivity, specificity, accuracy) calculated at calibration (C) and
validation (V) stage of PLS-DA, PCA-LDA, and SVMC analysis for saliva.

Type of sample Analysis Sensitivity (%) = Specificity (%) = Accuracy (%) Number of

samples
Saliva PLS-DA C:97.0 90.0 93.0 149
V:90.0 70.0 80.0 20
PCA-LDA C:97.0 79.0 88.0 149
V:100.0 60.0 80.0 20
SVMC C:100.0 100.0 100.0 149
V:100.0 80.0 90.0 20

2. Principal component analysis — linear discriminant analysis (PCA-LDA)

To reduce the dimensionality of spectral data, LDA calculations were preceded by
PCA analysis. The first 12 principal components explaining 98 % of spectral variance were
used as input data for the subsequent LDA investigations. The values of diagnostic
parameters were determined considering the recognition of each spectrum of the given map.
The final decision to assign a sample was made on the basis of the majority of the spectra of
that sample classified into a particular class. Hence, in accordance with the formula X=n+1
(where n is the number of spectra of a particular sample). Consequently, the created PCA-
LDA calibration model provides 97 % sensitivity, 79 % specificity, and 88 % accuracy with
respect to the total of 149 saliva samples (Table 12). At the stage of external validation,
PCA-LDA misclassified four of ten CoV/(-) saliva samples, resulting in 100 % sensitivity,

60 % specificity, and 80 % accuracy.
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3. Support vector machine classification (SVMC)

SVMC calculations were performed with the use of polynomial Kernel function
(degree three) and cross-validation with 10 segments. The parameters were selected in such
a way as to ensure the best accuracy of the calibrated model and thus prevent overfitting.
Under the conditions of C=0.1 and y=0.1, the model provides 100 % of the training and
validation accuracy. At the stage of external validation, only two of ten CoV(—) samples
were misclassified, resulting in the highest values of diagnostic parameters among all tested
methods — sensitivity 100 %, specificity 80 %, and accuracy 90 % (Table 12). Hence, SVMC
is able to capture the highest relevant spectral information, ensuring good sample

recognition, which makes it the most suitable method.

4.3.3 Spectral characterisation of CoV(+) and CoV(-)
nasopharyngeal swabs

Nasopharyngeal secretion consists of sodium, potassium, calcium electrolytes,
polysaccharides, and immunoglobulins (IgA, 1gG, IgM) [248]. Typically, the composition
includes also proteins, mainly aloumin, and yA globulin but also yG globulin, siderophilin,
a1 glycoprotein, P1C-Pf1A globulin, haptoglobin, az-macroglobulin and p-lipoprotein
[249,250]. The vital component is mucus with mucins [251].

Due to the high positive rate, nasopharyngeal swabs are recommended as a first choice
for SARS-COV-2 testing in clinical practice. If this is not possible, an oropharyngeal swab,
an anterior nares specimen, or a nasal aspirate becomes an alternative [252]. Therefore, the
spectral analysis of nasopharyngeal swabs as a potential material for COVID-19 diagnosis
should be considered.

The complete analysis involving nasopharyngeal swabs was performed on 120
patients, including 59 patients tested positive for SARS-CoV-2 (hereafter CoV(+)) and 61
patients tested negative for SARS-CoV-2 (hereafter CoV(-)). The SERS spectra of CoV/(+)
and CoV(-) nasopharyngeal swabs, along with SD and in superposition, are presented in
Figure 42A and Figure 42B, respectively.
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Figure 42 The averaged and normalized SERS spectra of CoV(+) and CoV(-) nasopharyngeal swabs
presented A) with the standard deviation (SD) and B) as superimposed. The spectra were averaged
from 51 CoV(+) and 53 CoV(-) samples. For every sample, ca. 15 single spectra were recorded.

Both analysed CoV(—) and CoV(+) nasopharyngeal swabs share intense bands located
at 724, 1002, 1045, 1325, 1452, 1586, and 1685 cm™'. These bands are the spectral
representations of proteins, glycoproteins, purine bases of nucleic acids, lipids, and
triglycerides [199,221]. The spectroscopic variations refer mainly to the relative band

intensities in the entire region. The important trait is the 688 cm™! band, which being unique
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only to CoV/(+) response, can hold a differentiating function. This band can be assigned to
neopterin, 2-amino-4-o0xo-6-(D-erythro-1, 2, 3-trihydroxypropyl)-pteridine [253]. Neopterin
is an aromatic compound with nitrogen ring pyrazine-(2,3-d)-pyrimidine in its structure. In
the human body, it is produced by monocytes and macrophages upon stimulation with
interferon (IFN)-y. Indeed, neopterin can be used as an inflammatory marker of the cell-
mediated immune response, and its elevated level indicates the severity and progression of
infection [254-256]. The current literature delivers information about the importance of
neopterin in the COVID-19 course as a vital indicator in the immunopathological response
to SARS-CoV-2 [257-259]. Hence, the aforementioned band that appears on the CoV(+)
spectra may indicate the neopterin formation and accumulation as a result of this disease.

4.3.4 Chemometric analysis of the spectra of nasopharyngeal swabs

The chemometric analysis of nasopharyngeal swabs was performed using PLS-DA,
PCA-LDA, and SVMC methods. In every case, calibration models were constructed using
104 samples (51 CoV(+) and 53 CoV(-)), and 16 samples (8 CoV(+) and 8 CoV(-)) were
involved in external validation. For every sample ca. 15 single spectra were recorded, so the

models were created from 1560 and tested on 240 spectra (Table 13).

Table 13 The participation of individual nasopharyngeal swabs on the calibration and validation
step for all adopted methods (PLS-DA, PCA-LDA, SVMC).

Operation Calibration Validation
. No. of No. of No. of No. of
Material
samples samples spectra samples samples spectra

CoV/(+) nasopharyngeal 51 8

swabs 104 1560 16 240
CoV(-) nasopharyngeal 53 8

swabs

1. Partial least squares discriminant analysis (PLS-DA)

The PLS-DA calibration model was created using Non-linear Iterative Partial Least
Square (NIPALS) algorithm (cross-validation, random, 10-segments). The trained data fit
the model with R%4 and R%cv equaling 0.66 and 0.63, respectively. The values of RMSEC
and RMSECV were 0.29 and 0.30, respectively.
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The 3D score plot (Figure 43A) discloses that all spectral data tend to create separated
classes. The first latent variable (LV1) encompasses 27 % of the variance in block Y with
24 % of the spectral data (X matrix), and the second latent variable (LV2) covers 10 % with
15 % of the original data. The first thirteen variables, contributing 83 % (X matrix) with 67

% (Y matrix), fully describe the variability between the analysed data.
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Figure 43 The results of PLSR analysis performed for 51 CoV(+) and 53 CoV(-) nasopharyngeal
swabs in the form of A) 3D score plot and C) weighted regression coefficients (CoV(-) response,
Factor-3). For each sample, ca. 15 single spectra were recorded and presented as dots on the score

plot.

The plot of the weighted regression coefficient for Factor-3 with respect to CoV(-)
response (Figure 43B) demonstrates variables with positive (654, 749, 1004, 1046, 1210,
1454 cm™) and negative (690, 728, 853, 925, 1760 cm™?) coefficients. Among those
mentioned, the ones at 1046, 1004, 690, 853, and 925 cm™' are especially significant.
According to the assignment, these bands indicate the high impact of macromolecules and
proline ring-based compounds but also phenylalanine, tyrosine, cytosine, valine, proline, and
glycogen [199,227,247].

The PLS-DA calibration model provided 100 % sensitivity, 96 % specificity, and 98 %
accuracy. At the stage of external validation, three CoV(+) and two CoV/(—) samples have
incorrect predictive values, resulting in 63 % sensitivity, 75 % specificity, and 69 % accuracy

(Table 14). The standard deviation usually ranges between 0.17 and 0.33.
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Table 14 Diagnostic parameters (sensitivity, specificity, accuracy) calculated at calibration (C) and
validation (V) stage of PLS-DA, PCA-LDA, and SVMC analysis for nasopharyngeal swabs.

Type of sample Analysis Sensitivity (%) = Specificity (%) = Accuracy (%) Number of

samples
PLS-DA C: 100.0 96.0 98.0 104
Nasopharyngeal V:63.0 75.0 69.0 16
swabs PCA-LDA C:96.0 83.0 89.0 104
V: 63.0 75.0 69.0 16
SVMC C: 100.0 100.0 100.0 104
V: 88.0 63.0 75.0 16

2. Principal component analysis — linear discriminant analysis (PCA-LDA)

The original spectral data compressed to 15 principal components (by PCA) were used
as input data for LDA calculations. The obtained results indicate that two of 51 CoV(+) and
ten of 53 CoV/(—) samples do not entirely match the typical spectral pattern of the majority
of samples. Hence, the values of diagnostic parameters are 96 % (sensitivity), 83 %
(specificity) and 89 % (accuracy). Since three of eight external samples stated as CoV/(+)
and two of eight external samples stated as CoV(—) were incorrectly classified, the
sensitivity, specificity, and accuracy equal 63 %, 75 %, and 69 %, respectively (Table 14).

3. Support vector machine classification (SVMC)

In SVMC calculations, the optimal model was established with polynomial Kernel
function (four degree), 10-segments cross-validation, and C=0.01, y=0.1. With these
optimised parameters, all 1560 spectra were correctly recognized (training and validation
accuracy 100 %). Simulating actual diagnostic conditions, SVMC revealed an excellent
sensitivity of 88 % with respect to eight CoV(+) patients. In turn, 63 % of specificity results
from three of eight misclassified CoV(—) samples and is lower than for the previous two
methods. However, the accuracy of 75 % is the highest among all tested methods (Table 14).

4.3.5 Conclusions

In this study, saliva and nasopharyngeal swabs were spectroscopically tested for their
potential application as a clinical material for the recognition of SARS-CoV-2 infection.
SERS data were meticulously analysed to extract differential spectral information. The
indicated variability was related to personal issues only to a small extent. Significantly, they

had a pathological basis, revealing all the processes involved during SARS-CoV-2 infection.
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Thus, SERS spectra, being the molecular representation of material under analysis, provided
valuable information about sample composition. Hence, the spectral response of CoV(+)
saliva indicated an increased level of methionine, nucleic acids of DNA/RNA, proteins (e.g.,
ferritin), and specific immunoglobulins. The CoV(+) nasopharyngeal swab unveils the

significant role of neopterin in SERS signal formation.

The assistance of chemometric methods operated in supervised mode allowed for the
development of a diagnostic approach working in a rapid and automated way. SVMC
algorithm demonstrated the best sample recognition capabilities during model creation,
reaching 100 % accuracy. The classification under real diagnostic conditions (external
validation) resulted in satisfied diagnostic parameters — for saliva: sensitivity 100 %,
specificity 80 %, and accuracy 90 %, and for nasopharyngeal swabs: sensitivity 88 %,
specificity 63 %, and accuracy 75 %. Hence, both clinical materials are promising in the

spectral analysis of CoV(—) and CoV(+) clinical samples.

Diagnosis with nasopharyngeal swabs requires close contact with patients and trained
healthcare workers with the ability to collect samples precisely. The fundamental problems
during testing are nasal obstruction, sneezing, and even bleeding. Saliva is more convenient
material than nasopharyngeal swabs due to the non-invasive and cost-effective way of
sampling. The patient is not exposed to discomfort, pain, or injury during intake. The
possibility of sample self-collection reduces staff involvement and infection transmission.
Saliva, which can be tested repeatedly and at any time, increases the chances of screening
on a large scale [226,260].

The aforementioned aspects clearly show that saliva gains an advantage over
nasopharyngeal swabs in diagnostic applications. It is also more convenient for
spectroscopic analysis as, due to its homogeneous structure, it can be easily and evenly
distributed on the SERS platform. SERS-based diagnostic tests with saliva as biomaterial

can be a promising solution for COVID-19 diagnosis performed in a point-of-care variant.
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The research presented in this dissertation constitutes a significant contribution to the
practical application of SERS in diagnostics. The selected disease entities occur on a large
scale, and their recognition using recommended methods does not always bring the expected
results. An accurate diagnosis is crucial for implementing appropriate treatment and halting
the disease progression, complications, and side effects. The SERS method, possessing
many unprecedented features, has been repeatedly appreciated in biomedical research. This
is evidenced by numerous scientific articles that reveal the ever-increasing practical
application of SERS, implemented according to the label-free strategy or more complex
assay as well. The first chapter of the dissertation provides only a basic overview of selected
areas in which SERS demonstrates exceptional performance. However, it perfectly

illustrates the interdisciplinary nature of the SERS technique.

The first section of the research was devoted to the analysis of men's urethral discharge
to determine the spectral representation of gonorrhea. It was demonstrated that the spectral
response of a clinical specimen taken from a patient with gonorrhea differs markedly from
the control one. The Gon(+) spectrum is characterized by a significantly higher intensity and
is richer in signals arising from bacterial cells that multiply due to the ongoing infection. The
reduction of data dimensionality obtained with PCA method exposed correlations between
classes and marker bands exhibiting diagnostic relevance. In turn, the supervised methods
(PLS-DA, SIMCA) were used to predict outcomes and recognize spectral patterns. The
established and evaluated models were tested in the external validation, demonstrating high
reliability in sample recognition (up to 100 % of correctly classified spectra). The culture
method with strain identification is frequently used in clinical practice for gonorrhea
diagnosis. To overcome the limitations of existing techniques, the SERS-PCA methodology

has been established to efficiently identify bacteria strains cultivated from urethral discharge.
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Based on the unique spectral response, the strain was accurately identified as N.

gonorrhoeae, proving the reliability of the new emerging method.

The second section concerned the comprehensive analysis of microorganisms
(selected Candida spp. and bacterial pathogens) and vaginal fluids in the context of effective
recognition of vaginal infections. The analysed vaginal fluids were categorised according to
the aspects analysed, which included changes related to the fertile/infertile phase, microflora
disorders, and the use of vaginal contraception or irrigation practice. The meticulous analysis
provided insight into the correlation between biochemical changes and the signals,
confirming the incredible sensitivity of the SERS method. The study also allowed to
establish a control class, which is of purely practical significance and an elementary step for
SERS as a future diagnostic method for vaginal infections. Research performed on a series
of samples taken from women during infections (BV, VVC, gonorrhea, coinfection)
demonstrated a significant impact of microbial cells on the SERS signal formation. The
comparative analysis of spectral effects (menstrual cycle phase vs. vaginal infections)
provided an estimate of their magnitude, thus indicating that the diagnosis can be made
regardless of the day of the menstrual cycle. The information is of high value for subsequent
analysis and the development of a reliable diagnostic method. In the last step, the spectral
characterisation was performed for one of the most prevalent vaginal infections — VVC
caused by the excessive growth of Candida spp. The previously defined control group served
as an excellent reference for 12 samples taken from patients with VVVC. The PLSR algorithm
distinguished the analysed data, and the two classes thus created indicate the spectral

manifestation of biochemical changes due to infection.

Section third presents the spectral analysis of two types of samples (saliva and
nasopharyngeal swabs) in the context of SARS-CoV-2 infection. The research conducted on
a large scale allowed for the inclusion of significant spectral variability related to the
differences among patients, e.g. different course and responses of the organism to the
disease. Thus, the averaged spectral signals represent the fingerprint of the entire
composition of secretions altered and unaltered by the ongoing COVID-19. The use of
chemometric methods allows for the visualization and extraction of any spectral differences
and supports the understanding of SERS signal formation. In the case of saliva, a significant
effect of methionine, nucleic acids, proteins, and specific immunoglobulins has been
demonstrated. For nasopharyngeal swabs, the involvement of neopterin is important. Then,
the external validation was conducted (20 saliva samples, 16 nasopharyngeal swabs) with
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the previously optimised calibration models. The high sensitivity of SERS combined with
chemometric methods (PLS-DA, PCA-LDA, and SVMC) delivered high-quality
information about analysed system. Indeed, external validation is crucial in verifying the
method as it demonstrates its performance in actual diagnostic conditions. The research
indicated that the best-performing algorithm for the recognition of COVID-19 is SVMC,
which provides up to 100% sensitivity.

The research presented in this dissertation addresses two aspects of special importance
when optimizing SERS as a diagnostic method used in clinical settings. Namely, all studies
were performed according to the label-free strategy that minimises the financial expenditure,
time, and effort of qualified personnel. This approach enables the diagnosis of more patients
in a short period of time while the non-invasiveness and low costs of analysis facilitate
screening tests. Moreover, the research was conducted using a portable Raman spectrometer,
which can be easily transported over various distances due to its size and weight. This
solution is convenient and perfectly satisfies the requirements of point-of-care diagnostics,
as well as the measurements taken in the field or at specially established points (e.g., at entry
points or border locations). All mentioned features combined with the speed of analysis (ca.
15 minutes) make SERS performed in the presented form a promising analytical tool with

immense potential in disease diagnostics.

The presented research provides a comprehensive understanding of the formation of
the spectral responses of clinical samples and addresses the issue of insufficient sensitivity
of current diagnostic methods. Due to the complexity of the research topic and the large
number of variables that potentially impact SERS measurements, several concepts need to
be undertaken in future studies. For more extensive analyses, research can be performed on
a larger scale involving hundreds or thousands of patients. Moreover, they can be conducted
on the samples collected by several researchers from independent healthcare institutions to
guarantee the highest confidence level in the results and investigate the potential sources of
spectral variability. To maximize this effect, it would be advisable to consider the
interlaboratory comparisons. This can be accomplished by sending samples from one patient
to several laboratories for independent SERS analyses. Next, the obtained results are
compared among these laboratories. In this aspect, it would certainly be crucial to
standardise the entire measurement procedure, measurement conditions, equipment, and

SERS platforms to eliminate factors that do not exist in the diagnostic context per se.
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1. The biochemical characteristics of the analysed vaginal fluids.

The tables below provide detailed information about analysed vaginal fluids that were
arranged in considered associations. All the information was collected during the diagnosis

of patients.

Table 1A The characteristics of analysed vaginal fluids taken from patients of the control group and

those with imbalanced microflora.

Type and Age pH Characteristics Purity Remarks
number of
samples
Control group
Control 24 -34 4.2-4.7 lactobacilli (many), I, -
group epithelial cells

(21 samples)
Samples with altered biochemistry/microflora

Decreased 18-64 4.7-5.6 usually 10 — 20 leucocytes, /11 or -
purity (elevated  bacilli Gram-positive/Gram-negative Il
(19 samples) level) or cocci Gram-positive (many),
lactobacilli (usually few or lack)
Vaginal 18 - Non-diagnostic sample - absence of
irrigation typical
(1 sample) discharge
Loss of 62 - Leucocytes (lack), - no additional
normal lactobacilli (lack), assessment
microflora cocci Gram-positive (single),
(1 sample) epithelial cells (single)
Vaginal ring 25 5 10 — 20 leucocytes, - large
with lactobacilli (lack), purulent
hormones cocci Gram-positive (many) discharge
(1 sample)
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Table 2A The characteristics of analysed vaginal fluids belonging to IC (Infected cohort).

Type of
sample
VVC1

VVvC2

VVC3

BV1

BV2

BV3

Coinf.

Gonorrhea

Age

30

18

38

54

pH

5.2

5.0

5.0

5.0

5.6

6.0

5.0

Characteristics

4 — 10 leucocytes,
lactobacilli (lack),
Gram-positive bacilli, Gram-positive
cocci (quite numerous),
blastospores (very numerous)

10 — 20 leucocytes,
lactobacilli (lack),
Gram-positive bacilli (very numerous),
pseudohyphae of Candida spp.

10 — 20 leucocytes,
Gram-positive cocci,
blastospores

10 — 20 leucocytes,
lactobacilli (lack),
Gram-negative bacilli and Gram-
positive cocci (very numerous)

4 — 10 leucocytes,
lactobacilli (lack),
Gram-negative bacilli and Gram-
positive cocci (very numerous)

10 — 20 leucocytes,
lactobacilli (lack),
Gram-positive bacilli, Gram-negative
bacilli and Gram-positive cocci (very
numerous),

Gardnerella vaginalis (very numerous)
4 — 10 leucocytes,
lactobacilli (very numerous),
Gram-positive bacilli, Gram-negative
bacilli and Gram-positive cocci, Gram-
negative cocci (very humerous),
Gardnerella vaginalis
Gram-negative cocci inside leucocytes
(indicative of Neisseria gonorrhoeae)

Purity

v

Remarks

Culture method —
abundant growth of
Candida albicans,
Non-painful
abrasions

After 2 weeks of
using globules,
ectopic pregnancy
Condylomas

Condylomas

Candida albicans
(culture method)
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Table 3A The characteristics of analysed vaginal fluids taken from patients of the control group and

those diagnosed with vulvovaginal candidiasis (VVC).

Type of Age pH Characteristics
sample
Control group
Control group  24-34 42-47 lactobacilli (many),

(21 samples) epithelial cells
Vulvovaginal Candidiasis group
10-20 leucocytes,
lactobacilli (quite numerous),
bacilli Gram-negative (very
numerous)
4-10 leucocytes,
lactobacilli (numerous),
bacilli Gram-positive (quite
numerous),
blastospores (numerous)
lactobacilli (numerous),
blastospores (very numerous)

VVC1 — 4.8

VVC2 24 5.0

VVC3 49 4.7

VVC4 — 5.2 4-10 leucocytes,

lactobacilli (lack),
bacilli Gram-positive and
cocci Gram-positive (quite
numerous),
blastospores (very numerous)
4-10 leucocytes,
lactobacilli (numerous),
pseudohyphae
10-20 leucocytes,
cocci Gram-positive,
blastospores
0 leucocytes,
lactobacilli (singles),
cocci Gram-positive (singles),
epithelial cells (singles)

VVC5 — 4.7

VVC6 18 5.0

VVC7 69 5.0

VVC8 61 5.0 0-4 leucocytes,
lactobacilli (lack),
bacilli Gram-positive (very
numerous),
bacilli Gram-negative (quite

numerous)

VVC9 30 5.0 10-20 leucocytes,

lactobacilli (lack),

Purity

Remarks

Culture method —
abundant growth of
Candida albicans

Culture method —
very abundant
growth of Candida
tropicalis

Culture method —
very abundant
growth of Candida
albicans
Culture method —
abundant growth of
Candida albicans,
Non-painful
abrasions

After 2 weeks of
using globules,
ectopic pregnancy
Culture method —
abundant growth of
Candida tropicalis
and Candida
glabrata,

IUD applied to
support the
prolapsed uterus,
dry vaginal
environment

Culture method —
growth of Candida
Spp.,
atypical smear — no
inflammation,
flora is mediocre
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bacilli Gram-positive (very

numerous),
pseudohyphae
VVC10 63 4.7 4-10 leucocytes, v Culture method —
lactobacilli (quite numerous), growth of Candida
bacilli Gram-positive (quite spp.
numerous),

bacilli Gram-negative (few),
cocci Gram-positive (singles)

VVC11 39 5.0 4-10 leucocytes, v Culture method —
lactobacilli (lack), growth of Candida
bacilli Gram-positive tropicalis
(numerous),
blastospores
VVC12 53 5.0 4-10 leucocytes, v After treatment of
lactobacilli (lack), vaginal infections
bacilli Gram-positive with clindamycin
(numerous),
bacilli Gram-negative (quite
numerous),

blastospores

2. The SERS spectra of vaginal secretions (i.e. menstrual blood, menstrual spotting,
vaginal fluid) collected over two menstrual cycle.

Figure 1A compiles the SERS spectra averaged within the single sample (including
vaginal fluid — orange, menstrual blood — red, menstrual spotting — brown spectra) of the
first (27 days) and second (24 days) menstrual cycle. Since SERS measurements were
performed on two, three, or four independent samples daily, the amount of data is

multiplicated — 83 (first cycle) and 62 (second cycle) samples in total analysis.
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Figure 1A The averaged SERS spectra of body fluids taken from the patient’s vagina within the entire

A) first (83 samples of 27 days) and B) second (62 samples of 24 days) menstrual cycle. The colour of

spectra indicates the type of analysed material: red — menstrual blood, brown — menstrual spotting,

orange — vaginal fluid. The samples were collected two, three, or four times every morning.

Presented spectra were averaged within a single sample (for every sample, ca. 15 spectra were

recorded).
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