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Abstract

Background

Chemometrics allows one to identify chemical patterns using spectrochemical
information of biological materials, such as tissues and biofluids. This has fundamental
importance to overcome limitations in traditional bioanalytical analysis, such as the need
for laborious and extreme invasive procedures, high consumption of reagents, and
expensive instrumentation. In biospectroscopy, a beam of light, usually in the infrared
region, is projected onto the surface of a biological sample and, as a result, athemic
signature is generated containing the vibrational information of most of the molecules in
that material. This can be performed in a sirgglectra or hyperspectral imaging fashion,
where a resultant spectrum is generated for each position (pixel) sutfaeze of a
biological material segment, hence, allowing extraction of both spatial and
spectrochemical information simultaneously. As an advantage, these methodologies are
non-destructive, have a relatively legost, and require minimum sample preparati
However, in biospectroscopy, large datasets containing complex spectrochemical
signatures are generated. These datasets are processed by computational tools in order to
solve their signal complexity and then provide useful information that can bdarsed
decision taking, such as the identification of clustering patterns distinguishing disease
from healthy controls samples; differentiation of tumour grades; prediction of unknown
samples categories; or identification of key molecular fragments (biorsads=ociated
with the appearance of certain diseases, such as cancer. IRhiDighesis new
computational tools are developed in order to improve the processing of bio
spectrochemical data, providing better clinical outcomes for both spectral and
hyperpectral datasets.

Materials and Methods

Sample splitting. A new sampling methodology, called the Morhima-Martin (MLM)
algorithm, was developed to improve data splitting for classification applications. The
MLM algorithm was developed by modifying tikennardStone (KS) sample selection
method with the addition of a 10% randemutation factor to the sample splitting
methodology. This methodology was testedmesimulated and six reatorld datasets

(4 for infrared (IR) spectroscopy and 2 for RamancBpscopy) aiming to maxiree
sample discrimination using principal component analysis linear discriminant analysis
(PCA-LDA). The results were compared wibtither two data splitting approaches: the
randomselection (RS) and the KS algorithm alone.

Hyperspectral imaging. Novel classification methods based on principal component
analysis quadratic discriminant analysis (RQRA), successive projections algorithm
guadratic discriminant analysis (SFZDA), multivariate curve resolution alternating
least square (MCR-ALS), threedimensional principal component analysis {BOA)

with linear discriminant analysis (3PCA-LDA) and quadratic discriminant analysis
(3D-PCA-QDA) were developed to improve sample discrimination based on
hyperspectral imagg datasets. PE-QDA, SPAQDA and MCRALS were applied to
distinguish meningioma WHO Grader € 66) and Grade lIn(= 24) tissue samples
based on Raman microspectroscopyaging. 3DPCA was applied to distinguish 5
ovarian cancers from 5 healthy controls samples using Raman hyperspectral images of
blood plasma in an unsupervised approach, an®GB-LDA and 3DPCA-QDA were



applied to discriminate a further dataset of @®ples (20 benign controls and 18 ovarian
cancer samples) based on Raman hyperspectral images of blood plasma.

Uncertainty estimation. A new method to calculate classification uncertainty for linear
discriminant analysis (LDA), quadratic discriminant gs&éd (QDA) and support vector
machines (SVM) was developed based on bootstrap. This methodology was tested for 4
datasetsqnesimulated andhreerealworld applications of IR spectroscopy) in order to
estimate misclassification probability and evaludssification robustness

Data standardisation. A dataset of 10 blood plasma samples (5 from healthy coyfirols
from ovarian cancer patientalasmeasured under different experimental conditions: by
three different attenuated total reflection Foutramsform infrared (ATR-FTIR)
instruments, operated by two different operators, using two different setsadtltmns

scans and spectral resolution, and varying room temperature and air humidity in order to
evaluate whether changes in instrumental and emwiental conditions would alter the
spectral response and modify sample discrimina#onovel protocol based on direct
standardiation (DS) and piecewise direstandardiation (PDS)was developed in order

to standardse spectral differences caused bgtiumenal and environmental changes.

Results

Sample splitting is an essential step for building classification models based on
spectral dataThe proposedMLM algorithm performedbetter than the KS and RS
methodsin terms of sensitivity and specificityRS showed the poorest predictive
response, followed by KS which showed good accuracy towards prediction, but relatively
unbalanced sensitivities and specificities. The sensitivities and specificities obtained
using MLM were more similar to each other, indicating a more reliable classification.
MLM classification accuracies ranged from +80% varying the dataset.

Meningioma Grade | and Grade Il tissue samples were discriminated with 96.2%
accuracy, 85.7% sensitiyiand 100% specificity using PCADA and SPAQDA. The
PCA loadings, SPADA selected wavenumbers, and the recovered imaging profiles
after MCR-ALS indicated the following wavenumbers responsible for class
differentiation: 850 cm (amino acids or polysacahides), 1130 crh (phospholipid
structural changes), 1280360 cmt (Amide Il and CH deformation), 1450 crh(CH:
bending), and 1858 ch(C=0 stretching). For the ovarian cancer dataset?GB was
able to clearly distinguish healthy controls from &a cancer samples using the
complete 3D hyperspectral images in the range 80 1858 cm?, and the new 3D
PCA-LDA and 3DPCA-QDA algorithms were able to discriminate healthy controls from
ovarian cancesampleswith 100% accuracy in comparison wittasdard classification
methodologies which provided 64% accuracy.

When applying the uncertainty estimation method to 4 diffespattrochemical
datasets, classification models with lower misclassification probabiliieg (vere
substantially more stable when the spectra were perturbed with white Gaussian noise. The
G isaquantitative metric of uncertainty that ranges from 0 to 1, wiereloser to 0 is
anindicator of better classification robustness.

Experimental onditions greatly affected the spectral profiles in the
standardiationstudy. DS and PDS were able to correct for instrumestated changes
improving the classification accuracy from 66.7% to 77.8% (DS) and 74.1% (PDS), and
for operatosrelated changesnproving the accuracy from 75.6% to 82.2% (DS) and
77.8% (PDS).



Discussion

Sample splitting is a process performed after spectrapqaeessing and prior
model construction and congsif dividing the experimental sample set into at least two
subsets called training and test, where the training set is used for model construction and
the test set for model validation. The MLM algorithm combines the good spectral
representativeness in thest set provided by the KS algorithm with a small degree of
randomness that may be found in biological applications. MLM generated a better
predictive performance in comparison with standard methodologies, providing more
well-equilibrated sensitivity anspecificity results.

Classification of hyperspectral images is a process that reqlamge
computationakost once the data are big in size armhtain complex overlapping
spectral features that require advahaghemometric tools for their analysis and
interpretation. Herein,meningioma tissues were discriminated based on Raman
microspectroscopy images where the classification results found by@@»dand SPA
QDA are very promising, showing the potential of thisthodology for aiding clinicians
to delineate patient treatme®D-PCA was appliedor ovarian cancer detectiarsing
Raman hyperspectral imagingenerating scores showing clear differences between the
two classes on both principal componentsgPCard 2; and the loadings profiles on
these components indicate that the main biomaxda@ntributing for class differentiation
are amino acids, lipids and DNA. 3BCA provided fast exploratory analysis for
hyperspectral data, having potential for future agpions in other types of
spectrochemical imagindata The new 3D discriminant analysis approaches P8\
LDA and 3DPCA-QDA) providal fast class differentiation for mulimage
hyperspectral datasets with superior discriminating performance compatgdrithes
using unfolding procedures, which are often employed for this type of data.

Misclassification probability can be used asesv metricto assesslassification
quality since itcontaingnformation of the model uncertainty arsdalsoassociatedvith
model robustness. This methodology was validated against propagation coefficients for
SVMs and the results between our proposed methodology based on bootstrap and the
established method were found a&=R0.971, indicating agreement between the two
methods.

Finally, we have constructed a protocol for model stangaidn using DS and
PDS transfer technologies described for FTIR spectrochemical applications. This is a
critical step toward the construction of a practical spectrochemical analysis foodel
daily routine analysis, where uncertain and random variations are present in the data.

Conclusion

This thesis is focused on developing computational tools that will improve sample
splitting; tools for exploratory analysis and classification of hympessal images;
uncertainty estimation to evaludterobustnessf biospectral classification models; and
development of a chemometrics and standardisation protocol for handling spectral data
acquired under different experimental conditions. The reqeinéfior such techniques is
demonstrated by the fact that applications of deaming algorithms of complex
datasets are being increasingly recognized as critical for extracting important information
from biospectroscopy datasets and visualizing them reaalily interpretable form.
Hereby, we have provided new chemometric approachebidspectroscopywhere
successfulapplications of these techniquesll then allow trial biospectroscopyn
clinical setting, where fast, reliable, and highly accurategdiasis would be obtained.
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CHAPTER 1 | INTRODUCTION TO BIOSPECTROSCOPY

5.1Vibrational Spectroscopy

The use of spectroscopy techniques for quantitative or qualitative analysis of
biochemical materials is well knowBakeret al,, 2014; Butleet al, 2016; Santost al,
2017) Spectroscopic methodgrovide a chemical signature of the material being
analysed according to the interaction between an electromagnetic radiation wave at a
specific frequency and the molecules present in the material. In this phenortienon,
electrons that constitute the at®mnd molecules in the material absorb photons with a
specific light frequency, hence, being excited to higher enstafgs This process is
called excitation. Then, the electrons in a higher energy state reledstattor part of
theabsorbed radiatioreturning to a lower energy state. This process is called emission.
The excitationand emissiorprocesss can occurat different light frequencies, which
determines the type of spectroscopy technidhe electromagnetic spectrum comprises
a series ofrequencies, from long radio waves (3 Hz) until gamma rays (b3 Eigure
1.1illustrates the different types of electromagne#idiationsignalsaccording taheir

frequency.
< Increasing Frequency (v)
1924 1922 ](I)ZO Hl)IS I[I)IG IPM l?l‘.! I?IO 108 106 104 102 100 V(HZ)
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Figure 1.1. The electromagnet&pectrunmabelledby frequency and wavelength regions.
UV: ultra-violet; IR: infrared; FM: frequency modulation; AM: amplitude modulation.
Inset: expanded visible spectrum. (CBY-NC-SA, Chemistry Library <
https://chem.libretexts.org).
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The light frequency is proportional to the photon energy according to the Planck
Einstein relatior{Logiurato, 2014)

0 0 (1.1)

whereQis the energy of the photoi® s t he Pl anck 616%Jc/Aanst ant (
is the light frequency. can be replaced by the wavelengfinough the relationship
betweerthe wavelength(_), frequency(’ ) and thespeed of light in vacuurfiy 2.998

108 m/s):

o _ (1.2)
0 — (1.3)

Hence, the photon energy is inversetgportional to the wavelengtkibrational
spectroscopy encompasses techniques that excite molecules to absorb or emit energy in
the infrared (IR) wavelength region betwe&f®0 nm to 1 mm (frequency of 430 THz to
300 GHz, energy of 1.7 eV to 1.24 mg®kooget al, 2007) The spectrohemical signal
is generated because all molecular bonds vibrate at any temperature above absolute zero
(T > 0 K); and when a molecular bond is exposed to IR radiation with frequency equal to
that fundamental vibration frequency, then it absorbs the rawalidR radiation does not
cause electronic transitions, only vibrational and rotational transitions. Thdteis,
electron is not excited ta higher electronic energy levels but adigher vibrational

energy levels within the same electronic energylléxigurel.2).
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Figure 1.2. Energy diagram showing electronic, vibrational, rotational and translational
transitions. E stands for total energy.

Each electronic energy level is composed of several vibrational energy levels
which are composed of several rotational energy levels whose are composed of several
translational energlevels. Electronic transitions are of higher energy frequency and are
the basis of techniques such as ultraviglsible spectroscopy, while vibrational,
rotational and translational transitions are of lower energy and associated with the
techniques such as IR and Raman spectroscopy (vibrational transitions) and microwave
spectroscopy (rotational transitions). Translational transitions are of a so smgit ene
gap that any source of energy will cause this transition, hence, causing molecules to move.

There are two types of molecular vibration movements affected by IR radiation:
stretching (axial deformation) and bending (angular deformation). Stretchiragions
can be either symmetric or asymmetric; while bending vibrations can-plane
(symmetric or asymmetric) or cof-plane (symmetric or asymmetrid\ésdalaet al,
2004;Skooget al, 2007) These vibration motions are shown in Figlr@

A molecule containingl atoms hasIS degrees of freedome., every atom in the
molecule has 3 coordinates,(y- andz- coordinate) in a tridimensional space. Also, every

molecule has three types of movements: (1) translation: motion of the entiraul®olec
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through the space; (2) rotation: rotational motion of the entire molecule around its center
of gravity; and (3) vibration: the motion of each of its atoms relative to the other atoms.
In vibrational spectroscopy, only vibration movements are meashueg translation and
rotation movements are subtracted from the total number of degrees of freedlom (3
Therefore, the number of vibrational degrees of freedom for a polyatomitnean
molecule is 817 6, since there are 3 translation movements (allbag, y- and z axis)

and 3 rotation movements (around thgyxand z axis) for any nodinear molecule. For

linear molecules, because the rotation along the bond axis is not valid, the number of
vibrational degrees of freedom i&3 5. Thus, by knwing the number of atoms in a
molecule, it is possible to estimate how many vibrational signals will be shdwin §3

for nonlinear molecules, and\Bi 5 for linear molecules) (Skocgt al, 2007). Further

details about IR and Raman spectroscaplybe discussed hereafter.

Stretching vibrations (v)

W S

Symmetric (vy) Asymmetric (vy)
Bending vibrations (d)
In-plane rocking (p) In-plane scissoring
Out-of-plane wagging (7, @) Out-of-plane twisting (7)

Figure 1.3 Type of molecular vibrations. + indicates motion from the page toward the
reader andl indicates motion away from the reader.
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5.1.2 Infrared Spectroscopy

The IR region is divided into three subgions: near infrared (NIR), 0.783 & m;
mid-infrared(MIR) region, 3i 5 0 & m; -irdrared(FIRfregion,50' 1 0 0 0. Te m
have a detectable IR signal, the molecule must have a variation of its resultant dipole
momentd i f f er entrif rOom zewrea e(fesor e, hoaMpCucl ear
and bdo not absorb IR radiation.

The interactiorbetween the IR radiatimand molecular bonds happens because
any covalent bond while vibrating creates an electromagnetic field proportional to the
variation of dipole moment. When a wave of IR radiation reaches this electromagnetic
field generated with same oscillating frequgnihie radiation is absorbed (constructive
interfering). A bond vibration can be approximately explained by a mechanical model
composed by two masses connected by a spring (harmonic oscillator model). Thus, a
diatomic molecule can be comparedto anideathmoni ¢ osci |l |l ator, de
law by (Skooget al, 2007):

0 Qo (1.4)

where Ois the force acting against the displacemefrom its equilibrium position. The
proportionality constaniQis called the force constant. In an equilibrium position, the
potential energy is zero; therefore, when the spring is compressed or stretched, the

potential energyQ, will vary according tahe work needed to move the mass:

T O O 0Qu! ®

1T0OQ O ®

o - (1.5)

The potential energy curve ofsample harmonic oscillator is a pawdé (dashed
line, Figure 4). However, real molecules do not follow an ideal model, therefore a more
accurate potential energy curve for diatonmolecules resembles an anharmornic
oscillator (continuous line, Figurgé.4). Each energy level in these oscillamurves
represents a vibrational level of a molecule where the electrons are excited. These

vibrational levels are within the electronic level (Figdt2). For NIR, the vibrational
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transitions happen in regions of high energy, where the absorptiondledeos@rtones

or combination bands. This generates a \8enyerposed signal of chemical features in
comparison with MIR (fundamental vibration modes), though it can be used to asses
relevant chemical informatiosuch as concentratio®n theother hand, R works in

low frequencies (<650chm > 15 &m), being particul arl

bonds containing metallic atoms.

Figure 1.4. Harmonic (lashed linpand anharmoniaccontinuous ling oscillators model
for infrared spectroscopy, wheke represents the potential energythe vibrational
energy level, ang the bond stretching distance.

MIR spectroscopy has been the main type of technique employed for analysing
biological materials (Bajeet al, 2014), since its signal contain fundamental vibration
modes which are little convoluted in comparison with NIR and covers most of covalent
bondsnot detected by FIRThe main fundamental vibrational mode absorptions of
functional groups within the MIR range are depicted in Figure 1.5 (Reusch, 1999). Most
stretching vibrations occur in higher wavenumber region, since these require more
energy; whié bending vibrations tend to occur in lower wavenumber regibese
signals shift towards higher or lower wavenumbers according to the molecular

configuration and neighbouring functional groups.
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Figure 1.5. Approximation of themain vibration modesin IR spectroscopy3600i 600
cml). Sym.: symmetricasym.:asymmetric.

Experimental measurements using MIR spectroscopy are made using instruments
composed basically of five parts: (1) light source s{(®ctrograph, (3ampling area, (4)
detecto, and (5) computer modul@igure 1.6a) The light source is responsible for
generating electromagnetic radiation at the infrared range; the spectrograph is an optical
apparatus containingnanterferometerdiffraction grating or prism for diffraction of the
incident IR light;the sampling area contains the sample to be irradiated with IRthght;
detector captures the diffracted IR light generating an electric potential response; and the
computer modulenpcess the electric information transforming it into an interferogram
and, by using a Fourier transform (FT), into a spectrum. The MIR spectrometer can work
in two modes: transmission or reflection. In transmission niiéideire 1.6b)the infrared
light paseesthrough the sample and redtte detectorsothe final recorded IR signal is

given by:
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Y o— (1.6)

where"Yis the transmission (value between 0 and) i3, the signal potential through the
sample, and is the signal potential thugh the blankj.e., background signale(g,
reference material, air, sample matrix without substance of interest). Transmission does
not have a linear relationship with concentration. For this reason, a mathematical
transformation usinthe BeerL a m b slawtis@pplied:

o) 11 ¢ (1.7

whereo is the absorbance, which is linearly proportional to the chemical concentration
since:

O - 0w (1.8)

where- is the molecular absorptivity coefficiembis the length of the optical path, and

is the concentration.

In reflection mode, the IR light reaches the material surface and bounces in the
material through a phenomenon called reflectance, whenedident light after a certain
degree of depth penetration reflects back to the spectrometer in an angle close to 180
The most popular technique for reflection is the attenuated total reflection (ATR) mode
(Figure 1.6c) where a crystal, often diamond, placed between the light source and
sample to generate an evanescent wave that amplifies the signal int@akdyet al,

2014. The main disadvantage of the transmission mode is that it is suitable only to
analyse liquid in relative large volumesZ>mL) or thin materials; thus, reflectance by
means othe ATR technique is more adequate to analyse solid, thick, or small volume of
liquids. The penetration depth of ATR using a diamond crystal varies according to the
incident radiation frequency and regal properties, but it usually varies from 0.5 to 2

e m.

From an economical point of view, the use of MIR spectroscopy, in particular
ATR-FTIR, has great advantages. This is because the instrumentation has a relative low
cost, requires a lowost maintenace, does not require laborious or sgaemistry sample
preparation procedures, has a fast data acquisition, and 4destmctive, that is, the
sample can be reused after analysis. Thus, applications of this technique in biochemical
areas are of great portance as substitute or auxiliary methods to reference analysis
usually employed using electrochemical, chromatographic, mass spectrometric, and

thermogravimetric techniques, or combination of these.
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Figure 1.6. (a) FT-IR componentspectrometer diagram, where the spectrograph is
represented by a Michelson interferometer: (1) beam splitter, (2) fixed mirror, and (3)
moving mirror; (b) transmission mode illustration; (c) ATR mode illustration.

1.1.2 RamanSpectroscopy

Raman spectroscofy based on an anomalous scattering effect that happn
less than 1% of absorbed photons by a sample. More than 99% of the photons absorbed
by a substancendergoelastic scatteringe(g, Rayleigh scattering), which does not
changethe state of the material, since these photons are absorbed, increasing the
vibrational energy state of the molecules, and then emitted from the excited vibrational
energy state to their initial vibrational energy state. However, a few percent of absorbed
photonsundergoan inelastic process, where the molecule does not return to the initial
vibrational energy state, emitting photons with a specific frequency of deviation to
maintain the equilibrium of the system (Skaatcal, 2007). The inelastic scatieg can
betheStokes or antBtokes scattering, which occur imdt 10 million absorbed photons.
The Stokes scattering occurs when a molecule absorbs part of the energy of the incoming
monochromatic wavelengtle.g, laser) and emits a wavelength of less energy than the
wavelengthabsorbedand the antbtokes scatteringappens when the molecudaitsa
wavelength of greater energy than the absorbed waveldérgre 1.7) The latter
happens under certain circumstances where the molecule is in a partially excited energy

state before absorbing electromagnetic radiation.
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Figure 1.7.Energy diagram showing the IR absorption, Rayleigh scattering, Stokes and
Anti-Stokes scattering in the vibrational enestgtes E stands for total energy.

The elastic scattering is filterdoy the instrumenso that only the inelastic
scattering igdetected and usdd produe@ theRaman spectrum. Both Stokes and -anti
Stokes phenomena occur, but at room temperature, there is a lower population of
molecules in an initial excited energy state to absorb radjatierefore the antstokes
signal is weaker than the Stokes sig(kooget al, 2007) For this reason, many
spectrometers only work withhe Stokes scattering. Differently from IR, Raman
spectroscopy is based on tbleange of polarizability rather thahe dipole moment,
which makes the vibration bands in Raman quite different fronThR.main vibration
modes for Raman are depicted in Figure(HORIBA, 2020)
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Figure 1.8.Approximation of themain vibration modes for Raman (Raman si3&0Q
400 cmb). Sym.: symmetric; asym.: asymmetric.

The main advantage of Raman in comparison with IR spectroscopy is that Raman
is watertransparent below 3000 chnsince it has a weak signal after 3000 'q®koog
et al, 2007). This is important for biological applications since liquid or fresh medium is
composed mainlpf water, which is a problem for IR. IR analysis is often performed on
dry samples to minimise the water interferent signal. The Raman spectrometer is
composed of 4 main parts: (1) a monochromatic laser source, (2) a spectrograph grating,
(3) a chargeoupled device (CCD) detector, and (4) a computer modUke
monochromatic laser light, often in the visible or NIR range, is used to excite the sample
to the virtual energy states where the inelastic scattering phenomena occur. Most of
Raman spectrograplsefix eddiffraction grating instead of interferometerkiah have
moving mirrors using irFouriertransform infrared KT-IR) spectrometers, hence, the
detector is a CCD camera detector that records the whole spectrum at once, thus without
needing a Fourietransformation. The fixdiffraction grating and CCD detector also
makes the technique substantially faster tharlH=Tor spectral acquisition in small
wavenumber windows. A computer module is then responsible for converting the CCD

detector signal into the spectrum. These parts are summarised in Figure 1.9.
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Figure 1.9. Diagram showing the Raman spectrometer components, where: (1) beam
splitter, (2) objective lenses, and (3) lens.

1.2 Biospectroscopy

The identification and diagnosis of diseases such as cancer are a global scale
problem. The detection of these complex diseases in hospital environments usually
requiredaborious and ex¢me invasive procedures, causing much discomfort to patients
and even leading them to surgipabcedures; in addition to costs associated with sample
preparatiorandcomplex machinery to the facility.

Biospectroscopyis focused on using vibrational spectroscopy techniques to
analyse biological materials (Trevisat al, 2012). The identification of chemical
patterns within biological samples using their spectrochemical information has
fundamental importance to overcenssues on disease diagnostic, and corresponds to a
breakthrough area of technological innovation having great social impact.
Biospectroscopyallows fast, nordestructive and loveost analysis of biological
materials, andhas been used in a wide rangeapplications, including cancer detection
based on liquid biopsies and tissue analfisendallet al, 2009; Trevisart al, 2012)
toxicology assaygHeyset al, 2017) environmentastudies (Obinaju & Martin, 2013)
taxonomic identification (Zimmermann et al, 2015) and detection of cellular
mechanism¢gMiller & Dumas, 2010)

Biological sampleshave a specific spectrochemical signature within a region
called the biofingerprint region, which is from 18900 cm! for IR and 2000500 cm*
for Raman (Kellyet al, 2011). The biofingerprint region comprises key absorptions of
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lipids (3s(C=0), Us(CH>)), proteins (amide |, amide Bs(COQ)), nucleic acid${POy),
3s(PQy)) and carbohydrates3(CO-O-C)) (Baker et al, 2014). The main
spectrochemical signatures of the spectral markers (or biomarkers) within the

biofingerprint region for IR and Raman are shown in Figure 1.10.
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Figure 1.10.Biochemicalcell fingerprint of (A) IR and (B) Raman spectséth tentative
peak assignments. (Reprinted (adapted) with permission from Ieellgl, 2011.
Copyright 2011 American Chemical Society).

Several types of clinical samples, including biofluids (cerebrosdundl [CSF)
saliva, blood or urine) or tissue, can be analysed using both IR or Raman spectroscopy in
order for disease screening and diagnosis using this biofingerprint region, since the

spectral data experimentally acquired can be used as input infonnfati category
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classification models using computational tools, or chemometrics (Figure 1.11) (Mitchell
et al, 2014).
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Figure 1.11.Diagram showing a variety of clinical samples (cerebrospinal fluid, saliva,
blood, urine) that can be used for disease screening and diagnosis using their
biofingerprint spectrochemical signature. (Reprinted with permission from Mitehell

al., 2014. Copyight 2014 John Wiley & Sons, Inc.).

1.2.1 Sample Preparation

Sample preparation for biospectroscapyninimal, since both IR and Raman are
nondestructive techniques. Blood is often centrifuged for extraction of plasma or serum
which are subsequently used for spectral measure®atl] aliquots ofltesebiofluids
(50to 2 5 0 ) aelusually pipetted oto low-emission (lowE) or aluminiumcovered
glass slidesand allowed todry overnight at room temperatur&dker et al, 2014;
Paraskevaidiet al, 201&). The same procedure is performed for urine, where the
centrifugation process is performed to praeif@ solid material and the supernatant is

further analysedMaitra et al, 2019. Saliva is measured as is after drying, while CSF
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fluid is analysed diluted in an ethanol 700tol/vol) solution to avoid bacterial
proliferation and contamination. Samples can be measured in liquid state using Raman
since this technique is fAwater transparen

stored in desiccatomior to FTIR measurements using RT

Tissues can be analysed fresh, sfiapen, formalinfixed paraffinrembedded
(FFPE) or FFPE after dewaxing. Ideally fresh tissue provide the most authentic
spectrochemical information, however, this type of sample decomposdyguiekce,
most appliations involve snaffrozen or FFPE tissue samples. Sfizen samples are
preferably analysed by Raman spectroscopy due to water interferencel@n(Bdker
et al, 2014; Butleret al, 2016, while FFPE tissue can be analysed eitil@ngRaman
or FT-IR spectrometers. Dewaxing can be performed prior to anatysislerto remove
the paraffin signal interferin@akeret al, 2014, however there are computational ways
to minimise the influence of the paraffin signal in the spec{fTiayli et al, 2009, thus

FFPE tissue can also be measured as is.

1.22 Chemometrics

Advancements on spectrometers instrumentation allow obtainment of complex
spectral data of biological samples in a quick and almost automated fashion. However,
the mathematical teciques to process the experimental data and extract relevant
information areas important as the analytical instrumentation is@dquire them, where
the information extraction procesand, as consequence, the clinical diagnosis is only
possible to be achieved by using chemometric techniqgues. Chemometrics is defined as
Athe science of relating measurements made
of the system via applicatiofo mat hemat i cal o (Hibbert, 2006) st i c a |l
Chemometricss the toolused toconvert complex spectrochemical data imeaningful
information, thus enabling the analystto draw relevant conclusions aboutthe
experimental dat&Chemometric techgques must advanadongthe instrumentatioand

data complexityand it isakeystoneto obtain satisfactorgnd reliablediagnostiaesults.

Chemometrics include multivariate calibration and classification techniques, and
should be used where the spatsignature has overlapping bands, unknown sources of

variation or interference, poor sigralnoise (S/N) ratio, notinearity in absolute
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wavelengths, or other adverse effects in the reactional medium (Brereton, 2003).
Multivariate calibration technicgs are employed when there are several discrete values

as reference labels among the samples distributed in an order of impoetanck @,

3é), hence, being mainly used to estimate
analysisbased on the sgtral data. For qualitative analysis, where there are few category
labels among the samples and the aim is to distinguish or classify them, multivariate

classification techniques are employed.

Multivariate classification is divided into unsupervised aogervised methods
(Beebeet al, 1998). Unsupervised methods are used mainly for exploratory analysis in
order to identify natural patterr® clusteringthat arise from the data, hence, no-pre
defined labels are inputted in the modehe most common unsupervised method for
exploratory analysis of spectral data is the principal component analysis (PCA) (Bro &
Smilde, 2014). PCA decomposes the spectralidaia few principal components (PCs)
responsible for most of the original data variance. Each PC is orthogonal to each other
and they are distributed in a decreasing order of explained variance, §thadcounts
the highest explained variance, tolled by the  PC and so on. Each PC is composed
of scoresfrojections of the samples on the PC direction) and loadings (angle cosines of
the wavenumbers projected on the PC direction) (Sasttak, 2017). The PCA scores
show the variance on sampleatition, thus showing clustering and trending patterns and
being used to assess similarities/dissimilarities among the samples; and the PCA loadings
show the variance on wavenumber direction, thus being used to identify important
wavenumbers or spectral rkars (Bro & Smilde, 2014(Figure 1.12)

In the example depicted in Figure 1.12, the features that distinguish the red from
the blue class are characterized by an increase at the wavenumber 1590a@alings
on PC1, + scores on PC1), and a decrease at the wavenumbers 127 &h00 cm
(- loadings on PCZ,scores on PC1). However, although PCA is a very useful technique
for exploratory analysis of the dataset, PCA is not a proper classifi¢cathnique, since
even though PCA gives an indication of the sample nature, it is not able to predict the
category of a given blind sample by itself. For this reason, supervised classification
techniques are employed in the PCA scores, selected wavendeabures, or in the

whole original spectrum region in order to obtain diagnostic results.
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Figure 1.12. Example of PCA decomposition, where the scores show a segregation
pattern between blue and red samples, and the loadings show thevdélesaimbers
(1590 cmt, 1370 cmt and 1100 cm) responsible for class separatiofi.= spectra
dataset,T = PCA scoresP = PCA loadingsE = residualsSuperscript T stands for the
matrix transpose operation.

The most common supervised classification techniqgues are the K nearest
neighbour (KNN), artificial neural networks (ANN), linear discriminant analysis (LDA),
quadratic discriminant analysis (QDA) and support vector machines (SVM). KNN is a
method that clasfiers the samples based on the distance from each of the samtpkes
training set using th& nearest samples, so the classification of an unknown sample is
based on the concept of majority vote, that is, the sample is classified to the group that
hasthe most members of training samples amongst its neighbours éNaks2002).

ANN is a more sophisticated method based on neuron interconnections, being inspired
by how the human brain works. ANNs are based on a series of nodes that connects to
each dber in different depth layers. The contributions for all nodes are multiplied by
constants and added before a4hiopar transformation within the node, which are often

a Gaussian transformation function that extract features from the datasete{Nsdes
2002).

37



LDA is one of the most common methods used in supervised classification of
spectral data LDA calculate the discriminant function between two classes according to
the Mahalanobis distance between the samples. QDA works similarly, however is less
used than LDA probably due to the lack of QDA algorithms available. The main
difference between LDA and QDA is that LDA uses a pooled covariance matrix for
sample distance calculation, while QDA uses the individual varieocariance matrix
of each class fothis calculation (Dixon & Brereton, 2009; Wi al, 1996).The LDA
and QDA classification scores for sampt# classk are calculated as follows (Morais &
Lima, 2018):

LDA,
0 6 o6 A 6 o ¢l 1 € (1.9)
QDA,
0 6 6 A o6 o 11ds cii ¢ (1.10)

whereo is the vector containing the input classification variables for sampleis the
mean vector for clask, A is the pooled covariance matri3§ is the variance
covariance matrix of clads and“ is the prior probability of clads These additional

terms are calculated as follows:

A B ¢ A (1.11)
A —B &6 06 0 0 (1.12)
L (1.13)

wheren is the total number of samples in the training Ises, the total number of classes,
ande is the number of samples of cldsg the training setThese scores are used to

calculate the discriminant function (DF) between thasses as follows:

LDA,
000 O (1.14)
QDA,
000 0 (1.15)
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SVM is defined as a method of supervised classification in which decision
boundaries (hyperplanes) are determined that maximise the separation otidéeeeint
classesHlibbert, 2018. In other words, SVMs are binary classifiers that work by finding
a classification hyperplane in a highmensional space which separates two classes of
samples providing the largest margin of separation (Harrington, 28Y8J is a linear
technique by nature, however it uses a-hosar step called the kernel transformation
(Cortes & Vapnik, 1995). The SVM kernel function is responsible for transforming the
data into a different feature space changing its classificaliititygDixon & Brereton,
2009). This provides an extra power to SVM compared to other discriminant algorithms
such as LDA and QDAThe LDA and QDA discriminant functions, as well as the SVM

discrimination, are illustrated in Figure 1.13.
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Figure 1.13. lllustration of discriminant functions for classification. (a) Discriminant
functions for LDA foa) and QDA {opa); (b) SVM kernel transformation and
discrimination in the feature space. The circled samples are the closest samples to the
class margingjenominated support vectors.andx. represent spectral variables.
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LDA is less susceptible to overfitting amsually shows good classification ability
when classebave similar variance structures., when they have similar distributions,
and also performs well even with small datasets; while QDA performs better than LDA
when classes have different variance structures/distributions, but underperforms LDA in
small datasets (Wat al, 1996). SVM genetly performs better than LDA and QDA,
however it is highly susceptible to overfittiagd more timeconsuming.

The input classification variables for LDA, QDA or SVM can be PCA scores in
PCA-LDA, PCA-QDA and PCASVM algorithms, ospecificwavenumbersdectedby
variable selection algorithms such as the successive projections algorithm $8BAes(
et al, 2013 or genetic algorithm (GAMcCall, 2005).SVM can also work with the full
spectrum region, however LDA and QDA requires a number of variadples er smaller
than the number of samples in the training Betther details abouhé chemometric
techniquegemployed to analyse biospectroscopy deitadiscussed in Chapter 2.

1.3 Spectrochemicallmaging

Despite many advantagespnventional spectroscopy techniques lack one
fundamental aspect for analysing complex heterogenous samples: spatial information.
Spectroscopy techniques using sirgjectrum acquisition rely exclusively on positional
measures, and no information on saladiistribution is extracted. This narrows down its
usability in potential applications involving structural investigations of components
distributedover tissue segments. To overcome these limitations and obtain both spatial

and spectral information combined, hyperspectral imaging techniqueseate

Hyperspectral techniques combine imaging and spectroscopy. For this, an image
is generated for theegment being analysed but, for each image position (pixel), a
spectrum is also generated, creating a tdiseensional (3D) object for each sample
measur ed, al so calduwhe &a. hlyhies serercita lad s ftdhad
one can access stinformation in thex- andy-axis, and chemical information in the

z-axis. Figure 1dillustrates an example of hyperspectral data.
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1.3.1 Hyperspectral Imaging Techniques

Hyperspectral imaging techniques vary according to the frequency of the
electromagnetic ration used for irradiating the sargoied most of classical spectroscopy
techniques can be adapted for imagitig. (MIR and NIR), UV or Vis (U\WVis),
fluorescenceand Raman spectroscopwre the most used hyperspectral imaging
techniquesMIR and Raman hyperspectral imaging can be used by coupling a microscope
and automated sample stage to the conventional spetémmeere the IR (for FIR)
or laser (for Raman) light beam is focused by objective lenses onto a small area of the
sample. Then, three data acquisition configurations are ofet point scan, line scan
or area scan (Pet al, 2015). Although having great level of detail, point scans require
a long acquisition time, therefore being unsuitable fortiea applications. Area scans
enable the acquisition of whole images at discrete wavelengths, but it is not capable of
detecting objects in great ditd herefore, the best acquisition mode is usually line scan,
since it combines fast acquisition with detailed information obtained through a 2D array

detector.
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1.3.2 Data Acquisition

The instrumental setup vary according to the instrumental technique used.
Parameters such as distance from the sample to the detector and light source power may
affect the result. Hyperspectral images can be obtained in reflectance, transmittance,
fluoresence or scattering mode8efore measurement, the instrument is usually
calibrated using white or dark references to account for the uneven intensity of the light
source, the spectral response of the device, and the dark radiation present in the
measuremenchamber that may affect the imaging detector. However, this calibration
procedure does not take into consideration morphological information of the sample
being measured. Flat samples are not affected by morphological changes,-bBat non
samples€.g, roundshaped or cylindricathaped) are affected by their surface curvature
that creates a gradient distance variation between the sample and detector, causing
differences in the optical pathlength. This should be corrected by additional pre

treatments por to analysigPuet al, 2015)

1.3.3 Data Analysis

Often, feature extraction techniques are applied to reduce and compress
hyperspectral images, since this type of data usually requires extensive storage space and
processing power. To speed up computational analysis, spatthichemicatelevant
features are dracted from images by employing multivaridtased techniques. This is
possible because although the hyperspectral data contains millions of data points, only a
few of them contain relevant information to the property being measured. This is the most
critical part for processing hyperspectral images, since the overall sensitivity and
robustness of the machine vision system strongly depends upon the responsiveness of the
features containing the desired information for analysis. Firstly, one has to deatie wh
type of features to extract: spectral features, textural features or a combination of both.
The key issue is to determine whether the desired information is proportional to the
number of pixels or spectral signatures, regardless of how they areutiestrin the
hyperspectral image or if the desired information is related to the spatial distribution of

pixels (Duchesnet al, 2012).
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The simplest method of feature selection is to select wavelengths at peaks or
troughs of the spectral curve accordinghe maximum or minimum intensity difference
(Puet al, 2015). However, some relevant wavelengths might not be selected by this
procedure due to the multivariate nature of the data, therefore, it might be necessary to
use multivariate image analysis (MIprocedures for this. MIA was introduced in the
|l ate 198006s to deal with iIimages that repr
can perform at either a global or pixel level. The first is focused on analysing each
hyperspectr al ,thenefogeecovering aththednfoamatiori cenfained in the
image to obtain an analytical parameter. The second is focused on analysing individual
pixel spectra within each hyperspectral imagefsMontalbanet al, 2011).

MIA is very efficient at extra@hg spectral features, where it starts unfolding the
hyperspectral data cube into a 2D data matrix, so the spectral feature for each pixel refers
to a row, and then some type of data reduction technique is employed. PCA and
multivariate curve resolution ternating least squares (ME&R.S) are the most used
techniques. MCRALS decomposes the unfolded datan a bilinear model as follows
(PratsMontalbanet al, 2011):

~

noAm o A (1.19

The MCR results are the concentration distribution ni§gbe pure spectra of
image constituenty, and the residual® This decomposition separates the information
of different constituents in an image to find its purest information or to detets piibh
selective information. It can be applied to one or more images together, where multi
image analysis is used when a multilayer image from a single sample or a series of images

with related chemical compositigRratsMontalbanet al, 2011)

Similarmet hodol ogi es focusing in finding o0
by other algorithms, such as SIMPLISMA and fixed size image wirelolving factor
analysis (FSIWEFA). The purest pixels provide an approximation of the pure spectra
sought, while thepurest spectral channels, when unfolded, allow construction of
approximate distribution maps of the purest constitudtiatg§Montalbanet al, 2011).
Other algorithms for feature selection in hyperspectral images are minimum redundancy
maximum relevancéMRMR), GA, SPA and neural network approaches by extracting
the weight of each input in the bapkopagation (Pet al, 2015).Thereafter, the spectral
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and/or spatial features extracted from the images are used as input variables for the
classification fgorithms detailed in section 1.2.2 and Chapter 2.

1.4 Current Challengesin Biospectroscopy

Biospectroscopis still a science in development, where the actual main challenge
is the final clinical implementation of the developed methodologies in hospital
environments. This is a challenge still in the horizon nowadays since before proceeding
to this final steptiere are a series of other issues that must be addressed and validated,
and these are almost exclusively related to the analysis of the spectral data; since protocols
for sample preparation and experimental measurements are already well established
(Bakeret al, 2014; Butlert al, 2016; Martinet al, 2010.

1.4.1 Sample andData Complexity

Biological samples are extremely complex by natws@ce the number of
chemical components, hence, spectral features are exceptionally overlapping. Therefore,
only multivariate techniques covering the analysis of multiple wavenumbers at the same
time are capable of working in such complex environmeradifionally, a predefined
spectral dataset is used for model constructien,to train the model, while an external
test set is used to validate the model towards unknown samples. However, there is still a
lack of understanding on how to select samfadetraining and test sets. Manual selection
of samples spectra usually introduces bias, thus random selection is often used instead.
But random selection adds a higbk of extrapolation, that is, the classification model
does not include enough souroé variation that allow them to accurately predict
unknown samples. Another strategy often used in analytical applications, is the Kennard
Stone (KS) algorithm (Kennard & Stone, 1969), that systematically select samples for the
training set based on maxismg the training space, but it does not take into account
random or extreme behaviours that often happen in biological me@harefore, there
is a need for algorithms to optimally select samples for training and test sets in

biospectroscopy applications

44



1.4.2 Processing maging Data

The major drawback of hyperspectral imaging is the time required to analyse the
data experimentally acquired. Hyperspectral image datasets occupy gigabytes of space
and depending on the number and size ofrtieges, simple data analysis such as PCA
may take days or weeks to process using standard computers. Supercomputing is often
used in this situation, but this adds a cost that many institutions cannot afford. For this
reason, faster and accurate chemometathods to analysis hyperspectral daibaes are
required in biological applications, where often many samples must be analysed and

compared quickly using lowearapacity computers.

1.4.3 Uncertainty in DiagnosticAccuracy

Overfitting is the major problem of predictive computational models. Many times
the model is well trained and internally validated with a good accuracy, but the model is
not robust enough to predict real external samples where subtle sources of variation o
random noise is preserfior this reason, mathematical tools to predict uncertainty in

model diagnostic in order to foresee future performancaesded

1.4.4 Environmental Variability

Measurements made in different centres, even using thessanpée preparation,
instrument manufacturer and measurement settings, are different. That is because there
are underlying variations in the environment, such as humidity ande®€), in the
instrument, such as ageing of parts, and in sample handlinméyaaffect the spectral
response. For this reason, a protocol showing how to standardise spectral response across
different centres using computational tools is needed as a final step before implementing
biospectroscopy in reabutine applications, sindae this scenaricamples willneed to
be measured by different instruments, analysts and in different locatéorb the

diagnostic result will need to be consistent across these different environments.
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1.5 Aims and Objectives
1.5.1 Research Aim

Thi s P h D, Noeeh therhometric approaches towards handling
biospectroscopy datasets ai ms t oovebpprotowol fbrethe aanalysis of
biospectroscopy datases®lving current issues present in four frontsgéctrochemical
analysis:(1) sampé selection, (2) processing of imaging data, (3) uncertainty estimation
in diagnostic accuracy, and)(standardisation methods to account for environmental

variability.

1.5.2 Objectives

I To produce a chemometric protocol for multivariate classification of
biospectroscopy data.

il. To develop a method for optimal sample selection in biospectroscopy
application based on the combination of the Euclidiemtancebased
KennardStone (KS)kelection with a random mutation factor.

iii. To speed exploratory analysis and classification of hyperspectral imaging data
through a threelimensional principal componenanalysis (3BPCA)
approach.

iv. To develop a methodology to estimategnostic uncertainty and model
robustness in linear discriminant analysis (LDA), quadratic discriminant
analysis (QDA) and support vector machines (SVM) classification.

V. To produce a protat showing how to standardise biospectroscopy datasets
collected across different centres.
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1.6 Statement ofOriginality

All the chemometric techniques developedChapters3 to 8 are new, and they
were never applied ihiologicatderived spectrochemical dataské&fore The protocols
provided in Chapters 2 ar] as well as the software interface provided in Chapter 10,
are also new, and they were produced to assist the biospectroscopy community showing
how to process coplex spectrochemical data of biological materidlsis thesisshow
how to obtain more reliable and accuratagnosic performance and biomarkers
identification for any biological or clinicahpplication where at least two distinct
categories are analys&tliccessfutievelopment of such chemometric methods will allow
to trial these tools in a clinical setting, where fast, reliable, and highly accurate diagnosis

are required

1.7 ThesisStructure

This thesis is structured i chapters plus apperugis Chapter 2 is a protocol on
how to analyse biospectroscopy data towards classification applications; Chapters 3 and
4 demonstrate a new algorithm for sample selection in biological applicationgghap
5to 7 are related to hyperspectral image analysis, where Chapter 5 demonstrate a clinical
application of MCRALS and Raman hyperspectral imaging for meningioma WHO
tumour grade detection, Chapter 6 demonstrate a new chemometric algorithm for three
dimensional exploratory analysis of hyperspectral images, and Chapter 7 is a further
development if this algorithm coupled to LDA and QDA as discriminant analysis
approaches. Chapter 8 demonstrates how to estimate uncertainty and model robustness
for LDA, QDA and SVM applied to biospectroscopy datasets; and Chapter 9 is a protocol
on how to standardise biospectroscopy datasets acquired across differentChaptes.
10 demonstratean useifriendly software interfacelevelopedto process trilineaBD
data; and Chapter 1 is the overall discussion of the thesis conclusions and future
perspetives for the fieldThe Appendiescontain details abowupplementary materials

for Chapters 2, 5 and 9; and the Ethics Approval of this project.
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CHAPTER 2 | MULTIVARIATE CLASSIFICATION
TECHNIQUES FOR VIBRATIONAL SPECTROSCOPY IN
BIOLOGICAL SAMPLES

This chapter is a protocol on how to analysm®spectroscopydata towards
classification applications using traditional chemometric techniqueschiafger is part
of a papepublishedn Nature Protocols (IF 11.334)

0 Morais CLM, Lima KMG, Singh M, Martin FL. Tutorial: multivariate
classification for vibrational gectroscopy in biological sampleNat. Protoc.
202Q https://doi.org/10.1038/s4159%0-0322-8

Abstract: The use of vibrational spectroscopy techniques, such as Foansform
infrared (FTIR) and Raman spectroscopy, has been a successful method to study the
interaction of light with biological materials and facilitate novel cell biology analysis.
Disease screening and diagnosis, microbiological studies, forensic and environmental
investgations make use of spectrochemical analysis very attractive due to its low cost,
minimal sample preparation, naestructive nature and substantially accurate results.
However, there is now an urgent need for multivariate classification protocols allowing
one to analyse biologicalerived spectrochemical data in order to obtain accurate and
reliable results. This is stimulated by the fact that applications ofldaeming algorithms

of complex datasets are being increasingly recognized as critical toesrdsting
important information and visualizing it in a readily interpretable form. Hereby, we have
constructed a protocol for multivariate classification analysis of vibrational spectroscopy
data [FTIR, Raman and neafrared (NIR)] highlighting a sees of critical steps, such

as preprocessing, data selection, feature extraction, classification and model validation.
This is an essential aspect towards the construction of a practical spectrochemical analysis
model for biological analysis in realorld applications, where fast, accurate and reliable
classification models are fundamental.

Author contribution : C.L.M.M. performed the data analysis and wrote the manuscript
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Camilo L. M. Morais, Phlzandidate Prd. Francis L. Martin, Supervisor
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2.1 Introduction

Vibrational spectroscopy comprises techniques related to electronic changes in
the internal vibrational energy levels of molecules.nBatecules that contain chemical
bonds that vibrate generating a change in the dipole moment as a result of the transition
are IR active(Martin et al, 2010; Santost al, 2017) Infrared (IR) and Raman
spectroscopy are the main spectroscopic techniques used to assess vibrational molecular
modes, where the first is based on molecular dipole changes and the latter on molecular
polarizability changes. IR spectroscopy is dived marIR (NIR), mid-IR (MIR) and
far-IR (FIR) spectroscopy depending on the incident light frequency. MIR is the main
technique used to analyse biological materials since it covers fundamental vibrational
modes of important biomoleculegibrational spectrscopy can provide rapid, labiete,
and objective analysis for the clinical domalrhe fingerprint region, between 18000
cmd, include important absorptions of lipids (C=O symmetric stretching at ~1730 cm
CH: bending at ~1470 cH), proteins (Amie | at ~1650 cn, Amide Il at ~1550 cm,

Amide IIl at ~1260 crit), carbohydrates (C@-C symmetric stretching at ~1155 ¢
nucleic acid (asymmetric phosphate stretching at ~122%, @ymmetric phosphate
stretching at ~1080 c#W), glycogen (GO strething at ~1030 cm), and protein
phosphorylation (~970 c®) (Bakeret al, 2014; Kellyet al, 2011; Movasaghét al,

2008) The highregion, between 3702800 cm', can also be used for analysis, where
information of water{OH stretching at ~3275 chj, protein (symmetrieNH stretching

at ~3132 crif), fatty acids and lipids (=€l asymmetric stretching at 3005 ¢mCHs
asymmetric stretching at ~2970 ¢mCH, asymmetric stretching at ~2942 ¢mCH;
symmetric stretching at ~2855 djncan be obtairse(Paraskevaidet al, 201D). NIR
spectroscopy can also be applied as a biospectroscopy tool. This technique is mainly
composed of MIR overtones, hence, the signal is very complex containing many
overlapping features. Therefore, biomarkers identificatiing NIR is harder and more
ambiguous, although this technique is a powerful tool for quantification and classification
applications(Pasquiniet al, 201§. Raman spectroscopy is based on an inelastic
scattering effect. Most of the photons absorbed okecule suffers elastic scattering;
only a small portion of them (<1%) suffer inelastic scattering, where the released radiation
has lower or higher energy than the initial incoming absorbed rad{&#omoset al,

2017). Inelastic scattering can Is¢okes (photons with lower energy are emitted) or anti
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Stokes (photons with higher energy are emitted), and both correspond to the Raman
signal. Due to the small probability of molecules in an initial high energy state at room
temperature, the anBtokessignal is not so strong, and the Stokes signal is usually

recorded as the final Raman spectrum.

Since both IR and Raman are mestructive and sensitive techniques with a
relative lowcost, passive of automation, and translatable to portable devicesisieo
investigate biological samples are of great intdBesteret al, 2014; Butleet al, 2016)
Biofluids offer an ideal diagnostic medium due to their ease and low cost of collection and
daily use in clinical biologyApplications using IR and Rean spectroscopy to investigate
biological samples for fooJin et al, 2015; Karouiet al, 2010; LiChanet al, 1996;
Prietoet al, 2017; Quet al, 2015; Scotteet al, 1990) plant(Baranskeet al, 2013;

Bittner et al, 2013; Buitragecet al, 2018 Cozzolino, 2014)microorganism(Jarvis &
Goodacre, 2004; Lorenet al, 2017; Naumanret al, 1991; Quintelast al, 2015;
RodriguezSaoneet al, 2001; Schmitt & Flemming, 1998;&kel et al, 2016; Strolaet

al., 2014; Weis=t al, 2019;Zarnowiecet al, 2015)and clinical analysi¢éBakeret al,
2018;Bunaciuet al, 2014;De Bruyneet al, 2018;Pence & Mahadevadansen, 2016;
Sakudoet al, 2016)are many. These previously mentioned advantages associated with
the application of multivariate statistical methods of data analysis make these techniques
every day more attractive for routine application. Previous protocols {@dkeret al,
2014)and Ramar(Butler et al, 2016)spectroscopy to analyse biological samples have
been already published, but there is still a lack of good practical procedures on how to
analyse the acquired data for classification applications where, for example, thd spectra
data can be used to determine if a given sample is healthy or disease, or if it belongs or
not to a given group. This is critical since the results obtained by these studies are directly
dependent on the data analysis methodology being used.

Bio-spectraldata analysis is a science that requires multidisciplinary knowledge,
where to obtain reliable and chemicatheaningful results, the application of
chemometric technigues is fundamental. Ch
relating measurements de@on a chemical system or process to the state of the system
vamapplication of ma t h e malkibberta2016.0The usetod t i st |
statistical methods to solve chemical problems trace back centuries, though in 1949, the
first report of leassquares regression, design of experiments and analysis of variance

(ANOVA) appear in analytical chemistry, by Man{idlandel, 1949 I n the early
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multivariate methods were first reported in a modern physitamistry context to

determine the nun@y of components in spectral mixtures as theoretical chemistry
approachegWallace, 1960; Weber, 1961ractical implementation into experimental

analysis started with the influence of statistical approaches by Pearson and Fisher, whose
publishedwork n mul ti vari ate analysis in the 192
apply ideas such as principal component analysis (PCA), factor analysis and discriminant
modelling in a chemical conteXBreretonet al, 2017%. During | ate 1960¢C
1 9 7 @dvancements in computer power and availability, the development of artificial
intelligence algorithms, and the watkne by Bruce Kowalski in the US and Svante Wold

in Sweden enabled the introduction of multivariate methods in analytical chemistry in a
modern fashion, and t he d(®rerdtondtalhi2elo met r i cs

Multivariate methods in a chemical context can be seen as an expansion of the
LambertBe er 6 s | a wompomentaapproach, wwhere the absorbance (spectral
response) is a lear combination of concentration time coefficig@sebeet al, 1998)

For the notation, generally, bold uppercase charaaeys X) represent matrices, bold
lowercase characters., X) represent vectors, and italic characterg(n) represent
scalars. The concentrations are related to sample differences, thus being used to assess
the real chemical concentration or to find similarities/dissimilarities between samples,
while the coefficients represent the weight of each variahlg (vavenumber) in the
linear combination, hence, being used to find possible spectral markers. In classification
applications, most of the algorithms employed to discriminate spectral data are a
combination of feature extraction or feature selection methasvied by discriminant

or class modelling techniques, which are mostly distdnased; a classical example is

the partial least squares discriminant analysis (PBR$ algorithm(Brereton & Lloyd,

2014)

There are several steps to process biospectrosdagactowards classification
applications. Firstly, before analysing the data, one must think if the experiment was
performed correctly, if the number of sample is representative to solve their problem, and
if the data are bilinear, that is, if the prodatspectrum times concentration is a constant.

If design of experiments (DoE)acynaet al, 2019)are required to acquire representative
data, this should be performed. If the data are not bilinear, thehnean data analysis
approaches should be irstiggated. After data acquisition, the first step is to visualise the

data. Anomalous spectral behaviours should be investigated and, depending on the
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application of interest, removed from the dataset. Outlier detection is a powerful tool to
systematicallynvestigate anomalous spectral profiles, though one must always visualise
the data during this procedure. Then,-precessing, data selection, model construction

and validation are the essential steps to obtain reliable results. These steps are summarized
in Figure2.1. We must stress that these steps are iterative and entwined and the user can
go back and change them until convergence to a good model is achieved. For this reason,
red arrows going backwards are shown in Fidlitethis means that in order optimise

the model the user must test different data selection (including outlier detection), pre
processing and model construction techniques in an interconnected way since there is no

single route to validation.

A4

Outlier detectio

v

Data acquisition Preprocessing

Y

Model construction Dataselection [ Outlier detection

\4

Validation

Figure 2.1.Spectral data analysis flowchart.

2.2 Experimental Design

More important than the data analysis itself is the experimental setup used to
acquire the spectral data. Previous protocols demonstrate all the materials and steps
needed for spectral data acdtiis of biologicatderived samples using both IR and
Raman spectroscofiBakeret al, 2014; Butleret al, 2016; Martinet al, 2010; Morais
et al, 2012). Therefore, in this protocol, we will focus solely on the spectral data analysis

aspect.
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2.2.1 Minimum DatasetRequirements

Before carrying on with the experiments, the number of samples must be defined.
For pilot studies, power tests are recommend, where a power of 80% can be used as the
minimum number of samples for the datgdenheset d., 2003) Normally, 5 to 25 point
spectra are collected per sam{orais et al, 201<), and 10 point spectra have been
suggested in a previous protocol for AHXIR (Bakeret al, 2014) By increasing the
number of spectra replicates, the standfrdiation between measurements is reduced,
since the standasdeviation is proportional tpfVi€, wheret is the number of spectra
replicates. Extra caution should be taken when analysingolgetezously distributed
samples€.g, tissues), where spectra replicates should be acquired in a way that covers
the sample surface as uniformly as possible. Sample replicates are also recommended
For precision estimation, at least six replicates at theeels should be performed
(Morais et al, 201%). When patient variability is being measured,., when the
classification model is performed in a sambpéesis, the spectral replicates per sample can
be averaged so each resultant spectral response corresponds to a different patient. In this
way, the chemometric model is modelled per patient ratherliaspectral replicate.
However, this requires a larger number of samples and might be difficult to be
implemented in small pilot studiedn larger studies, especially before routine
implementation thousandsof samples are necessary. This number is defime the
analyst experience and the classification rigour needed. The analyst while designing the
experiment must think about confounding factors and the sources of variability that needs
to be contemplated in the experiment. If needed, standardisatioadpres should be
performed to make sure that systematic variations due to environmental, instrumental or

analyst changes do not affect the spectral resfMmmiset al, 201T).

Al so, the classesd sizes mustsdhaldt aken
have equal size; however, in real clinical scenarios it is unlikely this will o€aur.
example for general screening applications, it is very common in clinical settings to have
more healthy patients than disease; while, when investigatingc#isgype of disease,
it is more likely that the patients being recruited contain the disease of interest whilst the
control group is reduced. When both situations are present, the analyst must take extra
care in the data analysis to avoid overfitting thodel towards the biggest class size.

Some solutions are the applicationofpfior obabi | ity terms based
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the use of noiparametric methods, or by increasing the number of samples for each class
to ensure that the calibration modelers enough sources of variation for each classes.
As well, according to the central limit theorem (CLT), by increasing the number of
samples the data will tend to a normal distribution, which will make parametric

classification methods more efficient.

Before preprocessing, the data can be evaluated visually and through some
statistical methods in order to identify anomalous behaviours or biased patterns. This is
first performed by visual inspection.(, plotting the data to identify anomalous spdctra
features), f ol | oversudQ residualsl charts Lising onty the mean
centred raw spectra. Principal component analysis (PCA) residuals can be explored to
identify experimental bias, in which heteroscedastic distributions indicate biased
experimental measurements, whereas homoscedastic distributions are associated with
good samplingBeebeet al, 1998) The signako-noise ratio (SNR) can be estimated by
dividing the signal powerd( ) by the power of the nois® ( ), that is,3 . 2

0 jo ! j! , Where! is the amplitude; or by the inverse of the

coefficient of variation, when only nemegative variables are measu(btbrais et al,

201<). Collinearity can be evaluated by calculating the condition number, which shows
how sensitive the result is to perturbations in the spectral data and to roundoff errors made
during the solution process (this value is naturally elevated for spectral data, which
indicates high collinearityMorais et al, 201Z). Visualising the data bplotting them
throughout all the data analysis steps summarized in Figuras essential. Prior
scientific knowledge of the problem being addressed is also important. The data must be
meaningful and the analyst has to make decisions based on how ttral sfsa look.

All data analysis algorithms generate numbers based on the input data, thus if the data are
not meaningfuli(e., the signal of interest is absent) the model will generate untrue values.
Thus, adequate instrumental techniques allith good chemometric practices is

fundamental.
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2.2.2 Preprocessing

Preprocessing is applied to the spectral data in order to remove or reduce the
contribution of signals which are not related to the analyte or target property, or to the
sample disemination (which depends on the chemical composition).pPoeessing of
the raw data reduces chemically irrelevant variations with the goal of improving accuracy
and precision of qualitative and quantitative analyses. The primary role-pfqaressing
Is to transform the spectrum to the best fit condition and to ensure that optimum
performance can be achieved in later steps. This process is essential to correct for physical
interferences, such as light scattering due to different particle sizes, diffaraple
thickness or different optical paths; and random instrumental noise. However, pre
processing techniques also carry the risk of generating correlations in the noise structure,
which would impact negatively on the quality of the multivariate mdatek one should

use preprocessing techniques with caution and not overuse them.

In biological applications, the first pygrocessing usually consist of truncating the
biofingerprint region: 180@00 cm' for IR data(Kelly et al, 2011, 2000 to 500 crfor
Raman(Kelly et al, 2011) and 900 to 2600 nm for NifRaraskevaidet al,, 201&). This
removes spectral artefacts such as water anchB€drptions present in other parts of the
IR spectrum, and additional baseline distortions that may be present in the spectrum
(Moraiset al, 201%). The highregion assciated mainly to lipids (3700 to 2800 din
can also been used for (Raraskevaidet al, 201D) and RamaPence & Mahadevan
Jansen, 20)6however this region is highly affected by water absorption in IR §{@e
H) at 36003650 cm’; hydrogerbondeds(O-H) at 33083400 cm') (Paviaet al, 2009
and Raman (fully hydrogebondeds(O-H) at 3250 crit; partly hydrogerbondeds(O-

H) at 33003630 cm?) (Hu et al, 2013) Usually, the model performance in the fingerprint
region is better than in the higlgion due to less water interference and the presence of

more complex chemical featur@Salleryet al, 2019; Paraskevaiéi al, 201D).

Figure 22 depicts the effect of each ppeocessing for a given spectral dataset;
and Figure2.3 shows a flowchart to define which goeocessing technique to use after
removal of substrate contributions. Rm®cessing techniques should be used imtbst
parsimonious waySeasholtz & Kowalski, 1993Yhe order in which the pigrocessing
steps are performed is fundamental; they must be performed in a logical order so that the

next preprocessing step does not mask the signal of interest highlightetheviprevious
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pre-processing(Morais et al, 201%). Each preprocessing has its advantage,
disadvantage and optimization step, which will be discussed hereatfter.

Digital removal of substrate contributiorS8ometimes substrate contributions originating
from components such as glass or wax are present in the spectral data. These effects can
be mitigated or eliminated through digital filters, such as digitakaeing (de Limaet

al., 2017; Tfayliet al,, 2009) For example, the extended multiplicative silgeorrection
(EMSC) algorithm has been reported to neutralise variability caused by paraffin signal
and allow selection of unique spectral features related to the sample composition in
vibrational spectroscopyde Lima et al, 2017; Tfayli et al, 2009) independent
component analysis (ICA) and norgatively constrained least squares (NCLS) are also
common methods of digital deaxing for vibrational spectroscoffprahimet al, 2017;
Meksiarunet al, 2017; Tfayliet al, 2009) Glass contributions areduced in the high
wavenumber region of the mi® spectrum, thus allowing spectral data analysis within
the region between ~2508800 cm' (Bassaret al, 2014; and can be reduced in NIR
spectroscopy by subtracting the glass spectrum frosetin@le spectrum and by working

in the wavelength range of 1830150 nm(Paraskevaidet al, 201&).

Smoothing.Smoothing is made by spectral filters that remove random noise while
preserving useful spectral information. The most used smoothing techmsigiine i
SavitzkyGolay (SG) algorithngSavitzky & Golay, 1964)It is based on a polynomial
equation fitted in a least squares sense within algfieed interval of spectral points,
where the central point from the interval is removed and useditim@ criteria. This
interval is then displaced to the next point of the spectrum and the fitting procedure is
repeated. SG smoothing is excellent to remove large instrumental noise and can be
applied to any type of vibrational spectroscopy techniqaenéjor disadvantage is that

the polynomial order and the window size used in the polynomial fitting affect the result,
so one must use an polynomial order similar to the spectral shape featgr&8“order
polynomial for vibrational spectroscopy daptand the window size must be an odd
number not too small (which keeps the noise) nor too large (changing the spectral shape)
(Morais et al, 201%). In addition, movingwindow mathematical prprocessing
techniques introduce correlations in the noisecstire, and this may complicate the use

of chemometric models assuming that the noise is identically and independently
distributed (iid)(Geladiet al, 1985.
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Light scattering correctiorLight scattering is present when particles with different sizes,
especially smaller than the spectral electromagnetic wavelength, is present on the material
being analysed. This shifts the absorbance or spectral intensity in a systematic fashion,
affecting they-axis. Light scattering effects are also generateddiffgrent probe
pressures when portable spectrometers are used to analyse solid samples, or by different
lengths of optical path. Light scattering is very common in NIR spectroscopy, and some
techniques such as multiplicative scatter correction (M&e)adi et al, 1985)and
standard normal variate (SNYBarneset al, 1989 can be used to correct this problem.
MSC corrects light scattering (Mie scattering) maintaining the original spectral shape and
the same spectral scale. As main disadvantage, it naedsference spectrum
representative of all measurements. Usually, this reference spectrum is not available, and
then it is substituted by the average spectrum across all training sgMplasset al,

201%). SNV also corrects light scattering (Mie deanhg) maintaining the original
spectral shape with no need of a reference spectrum, but it creates an artificial absorbance
scale with negative values since the data are centralized to zeroyisdhle(Morais et

al., 2012). Resonant Mie scattering ialso a frequent issue in IR spectroscopy of
biological material{Bassaret al, 2009, where a dispersion artefact occurs through a
light scattering when there is simultaneous absorption. This can be often observed by a
severe baseline distortion folled by a systematic shift in tigeaxis(Bassaret al, 2009;
Bassaret al, 2010. Bassaret al.(2009, 2019 have proposed a modified version of the
EMSC algorithm to correct for resonant Mie scattering, named tnee&REMSC
algorithm. Additionally, Mie scattering (elastic scattering) is also present in Raman
spectroscopyKiefer et al, 1997) contributing to bseline distortions which are often
mistakenly assigned to a fluorescence background. This can be also corrected by applying
a modified version of the EMSC algorithm through the addition of polynomial extensions
to the basic EMSC algorithm in order to catréor fluctuating baseline featurdsiland

et al, 2016.

Baseline correctionBaseline correction techniques remove background absorptions
interferences. Baseline distortions are commonly present in all types of vibrational
spectroscopy techniques. For NIR, the baseline distortions are mainly a result of light
scattering, which care corrected by MSC or SNV; however, for IR and Raman
spectroscopy, this effect is more apparent, especially in the latter due to fluorescence

interferences. There are several techniques of baseline correction, most of them already
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included in spectrometerd6 s of t war e, 1 n whi cibandbdaselinenai n o
correction, polynomial baseline correction, asymmetric least squares (ALS), automatic
weighted least squares (AWLS), and Whittaker filter. The baseline correction technique
being chosen affethe final result, therefore, they must be kept consistent throughout all

the data analysis, especially if new samples are added after the model is developed.

Spectral differentiationFirst and second derivatives can be applied to the spectral data
in order to correct both light scattering and baseline distortions. Also, these techniques
hi ghlight smaller spectral differences bet
to find distinctive spectral features amongst complex samples. It can alseagieccto

SG smoothing in a single routine, making these procedures computationally easier.
However, derivatives have great disadvantages. Spectral differentiation is not indicated
to correct for resonant Mie scattering since it does not correctly déatheise spectral
distortions. The order of the derivative function must be chosen carefully to avoid
increasing the noise level too much. In addition, derivatives using muowimapw
procedures also carry the same risk of introducing correlations in the stoucture
discussed to smoothing techniques, which affects the use of chemometric models
assuming that the noise is iid. Also, derivatives change the spectralysagig ¢cale) to
mathematical coefficients instead of absorbance, thus the speterdaity of derivative

bands cannot be used for direct correlation with chemical concentrations; and spectral
markers (biomarkers) identification needs to be performed carefully, since derivatives
shift the spectral band positions @ ‘Qwavenumbers, wherQs the derivative order
and'Qis the data spacing resolutioBome software automatically correct this spectral
shift by deleting the firslvavenumber position(s), thus matching the size of the spectral
response (derivative result) with the refese wavenumber vector; but some software do

not offer this correction.

Normalisation.Spectral normalisation techniques are commonly employed in IR and
Raman spectroscopy to correct for different sample thickness and concentration, hence,
avoiding the infllence of nordesired spectral signatures among the samples. However,
this procedure must be performed only when needed and with care, since the
normalisation might hide important spectral bands that could be discriminant features
among the samples, suchaamide | and amide Il absorptions; and it also may introduce
nonlinearities to the dat@Morais et al, 201%). Amide | and vector normalisation are

the commonest type of normalisation for IR data; the first can be used when the amide |
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band is not a distinguishing feature between the classes; and the latter when this
information is unknown but different sampladkness or concentration correction is

needed.
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Figure 2.2. Effect of different preprocessing applied to an IR dataset. MSC:
multiplicative scatter correction; SNV: standard normal variate.

Raman spectrometers using CCD detectors also surfers from ccoays
interferences, which create spikes in the spectral data compressing important Raman
spectral signatures. Spikes removal is an essential step when analysing Raman data and
must be performed before any datapre ocessi ng. Most Rwaman spe
have spikes removal routines. Finally, sca
by Hastieet al. (2009) are fundamental when dealing with multivariate methods, in
particular PCA and partial least squares (PLS). Mmsniring is avery reasonable
approach to use with spectral data before modelling, after which all variables in the
dataset will have zero mean. When data contain information represented by different
scales €.g, after data fusion using both IR and Raman spectra)k4sicaling should be
used. In this case, each block of data,(data for each instrumental technique) would
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have the same sum of squares (normally after maeatring)(Moraiset al,, 2019c) For

discrete data with different scales, autoscaling is recamim

Is there
random
noise?

Raw spectra

Smoothing

Amide | NO
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scattering?
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RMieSEMSC

Is Amide | a
discriminant
feature?

Vector
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Is there
baseline
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NO

Baseline
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needed?

Figure 2.3. Decision tree to define the ppeocessing technique for a spectral dataset.
MSC: multiplicative scatter correction; SNV: standard normal variate; EMSC: extended
multiplicative signal correction; RieSEMSC: resonant Mie scatterinig extended

multiplicative signal correction.

2.2.3 Outlier Detection

When analysing real data, it often occurs that some observations are different from

the majority. Such observations are called outliers. The spectral signal for some samples

might differ from thespectral signal for the majority of the samples being measured. This

can happen either by substantial differences in chemical structure or concentration for

these specific samples, or by a measurement error. In the first case, we usually refer to an

extreme sample, that is, a sample that belongs to the measurement set but with an extreme

property value.

This sampl e

2j asd usuhllg doasc t e r i

not skew the model in a high degree; although it is recommended exclusion of this sample
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from the dataset before modelling. In the latter case, when the spectral abnormality is
caused by a measurement error, this sample is a true dagiieg characterized by a high

Q residuals. This sample should be removed from the dataset before analysis. Both
extreme samples and outliers should be investigated in order to find possible sources of

abnormalities.

There are several techniques for airttietection, such as the Jdakfe (Martens
& Martens, 2000 Z-score(Rousseuw & Hubert, 201 Aand Kmode clusteringJianget
al., 2016) However, one of the most popular and visually intuitive technique for outlier
detecti on i s?2vdradis® resldudlsad{Bakeavg201P InThis test, a chart
is created us i’matpest(shneof tHonbrmalised syupted scofes, which
is the distance from the multivariate mean to the sample projection onto the PCA principal
components (PCspace) in the-axis and the Q residuals (sum of squares of each sample
in the PCA error matrix, representing the residuals between a sample and its projection
onto the PCs space) in tlgeaxis, generating a scatter pldforais et al, 201Z). All
sampledar from the origin of this chart are considered candidates to outliers and should
be investigated and removed. Samples should be removed one at a time, since PCA is
highly influenced by the samples that are included in the model. Samples with high values
in both Hamde®Iresidualgadesthe dutliers with the greatest effect in PCA,
while the samples with high values in only one of these parameters are the outliers with
the secondjreatest effect on the PCA mod@mloraiset al, 201). Figure2 4 illustrates
4 outliers detected amongst Zaerssasdtesidudls 700
chart applied to the puerocessed data (AWLS baseline correction and vector
normalisation). The outliers were spectra corresponding togbaaid noise measured
within the experimental set, most likely by a mistake made by the analyst when placing
the samples in the attenuated total reflection (ATR) apparatus.
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8 PCs (94.3% cumulative explained variance). Spectra in black: outliers.

2.2.4 DataSelection

A fundamental step towards building predictive chemoimeahodels is data
selection, that is, splitting an initial experimental dataset into at least two subsets: training
and test. The training set contemplates the major fraction of the samples and is used to
build the classifier, whereas the test set incdutie remaining fraction of samples and is
used to evaluate the model classification performance, since, although they are measured
during the same experiment, the test set is considered external to the model (blind), thus
reflecting the expected model lzefour toward new observatio(igloraiset al, 2019).

When two subsets are used, creabdation is recommended to optimize the model
parameters. Crosalidation uses samples from the training set to optimize model
parameters, such as the number of PCs in-B&¥ed models or latent variables (LVs) in

PLSbased models, in an iterative internal validation process. This is made by first
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removing a certain number of samples from the training set and then building the model
with the remaining samples, where the removed samples are predicted as a temporary
validation sef{Moraiset al, 2019). This is performed for a certain number of repetitions
usually until all training samples are excluded once from the training set and predicted as
an external validation set. One of the most popular erakdation method is the leave
oneout crossvalidation (also called leavenespectrurout crossvalidation). In this

case, only one sample spectrum is removed from the training set per each interaction.
Although much used, leaxaneout crossvalidation is only indicatg for small size
datasets, usually with no more than 20 samples in the trainifglsetiset al, 201%).

When this number is larger, other crasdidation approaches are recommended, such as
venetian blinds or random subset selection. When thereieate spectra, leavene
spectrumout crossvalidation should not be used at all, but rather a continbtnck
crossvalidation (also called leavenepatientout crossvalidation when the number of
replicate spectra is equal for each sample and oeghimsa sequential way within the
spectral matrixX), otherwise during the crosslidation procedure the training and
temporary validation sets will have spectra from the same sample, hence, giving
overoptimistic crossalidation results. In continuotdock or leaveonepatientout
crossvalidation, the whole set of replicas for a same sample is transferred to the
temporary validation set during cregalidation, thus the training and temporary
validation sets will not have spectra for the same sampieehegiving more realistic

results.

When a large number of samples is measured, generally more than 100, it is
recommended to split the experimental dataset into three groups: training, validation and
test. In this case, an extra validation set that doégontain training samples is used to
optimize the model. It is important to stress that the training, validation and/or test sets
cannot contain spectra of the same sample distributed amongithethe samples in
each set must be independent. Exdteation must be taken when multiple spectral

replicates are used to feed the model, to ensure that they do not overlap in different sets.

There are several ways to split the samples into training, validation and/or test
sets. Manual splitting is not recoremd, since it can introduce bias to the model. Thus,
computationabased methodologies are recommended instead. Raselestion and
the KennareStone (KS) algorithmKennard & Stone, 1969%re some welknown

approaches. Randoeselection is a simpler appach where samples are assigned to the
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training, validation and/or test sets randomly. The KS algorithm works based on a
Euclidian distance calculation by first assigning the sample with the maximum distance
from all other samples to the training set, #meh by selecting the samples that are as far
away as possible from the selected sample to this set, until the designed number of
selected samples is reached. This ensures that the training model will contain samples
that uniformly cover the complete sampace, for which no or minimal extrapolation

of the remaining samples is necesgMyraiset al, 201%). KS has been proved to be
superior than randotselection alon€Morais et al, 2019l), but for biologicalderived
samples, we have recenflyoposed a modification to the KS algorithm by adding a small
degree of randomness to it, where the model predictive performance increased; this is
called the MLM algorithnfMoraiset al, 2019l).

2.2.5 Modelling

Exploratory analysis is the first stepwtards analysing complex spectral data,
where the analyst can initially assess the data in order to identify clustering patterns and
trends, thus helping them to draw conclusions about the nature of samples, outliers and
experimental errorgMorais et al, 201%). PCA is the most common method of
exploratory analysis, in which the ppeocessed spectral data are decomposed into a few
number of PCs responsible for the majority of the variance within the original dataset.
The PCs are orthogonal to each othet are generated in a decreasing order of explained
variance, so that the first PC explain most of the data variance, followed by the second
PC and so ofBro & Smilde, 2014)PCA decomposition takes the form:

n A'E A (2.1)

wherer represents the pigrocessed spectral dafpjs the PCA score$FEthe loadings,

andAthe residuals.

PCA is then often the first step of the data analysis, followed by classification,
cluster analysis, or other multivariate technigqidse PCA scoresepresent the variance
in the sample direction, being used to detect clustering patterns related to chemical
similarities/dissimilarities between the samples. The PCA loadings represent the variance
in the wavenumber direction, being used to identify speeariables with high degree
of importance for the pattern observed in the scores distrib(forais et al, 201<).
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The PCA loadings are commonly used for searching spectral markers that distinguish
samples from different biological classes. This can be performed by identifying the
spectral bands with the highest absolute loadings coefficients (positive or negative) on
the discriminant PCs directior{dorais et al, 201%). Another strategy proposed by
Martin et al.(2007) is the cluster vector approach, where a median score is calculated for
each of the 3 PCs that repr eslimensonatshpaee be st
and, thereafter, the three loading vectors for these PCs weighted by the median score are
summed. As a result, a new loading vector is generated representing the effective loadings
profile for the clusteringMartin et al, 2007; Santo®t al, 2017). The PCA residuals
represent the difference between the decomposed and origifabpessed data, being

used to identify experimental errors. Ideally, the PCA residuals should be random and
close to zero (homoscedastic distribution); otherwisg thdicate experimental bias
(Moraiset al, 201%).

PCA is a fast, intuitive and reliable method to identify differences between
spectral data, however, it is important to stress that PCA is not a classifteatinique.
PCA is a data reduction and exploratory analysis method, but PCA solely canndd be use
to systematically classify samples. For trssipervised classification techniques are
needed. Supervised classification methods build compatsed classifiers that can
predict future samples based on their training spectral profiles. Thereforeeléateon

as mentioned previously is fundamental before building supervised classification models.

Classification methods are separated into two groupsclass modelling (also
called classnodelling) and discriminant models. In edass modelling, the
classification model output does not solely depend on the training classes, thus it can
assume values such as fAunknownodo or that t
training classes. On the other hand, in discriminant models the model outpuigagee a
referent to one of the training classes. The-dass modelling approach is very useful
when only one class is modelled and the model output is whether the sample belongs or
not to thereference class. However, eokass approaches requires a langenber of
samples, since the class boundamest include all the sample space as much as possible,
and usually provides worst classification results than discriminant models, since in one
class modelling slightly extreme samples to the reference clakslminterpreted as not
belonging to the class. These problems are not present in discriminant models, since the

model output is always one of the training classes, and the class space is much larger.
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Discriminant approaches cannot predict samples thabtlbelong to the training classes,
thus building meaningful training sets is fundamental in this type of analysis.

The main algorithm of onelass modelling is the soft independent modelling by
class analogy (SIMCA)Wold & Sj6strom 1977) In SIMCA, ezh class is modelled by
an independent PCA model of opportune dimensionality. Then, the class space is defined
according to some statistically defined outlier detection criterion, which is often the
distanceto-the-model criterion (Marini, 2010) This is made by calculating the
probability distributions for the “Istatistics and Q statistics for the PCA model of each
class, where a threshold corresponding to a determined confidence level (usually 95%) is
chosen for both statistics to define the class sfidegini, 2010) Other ways to define
the class space are possible, such as the method proposed by Pom¢zaa@ev

although the Tand Q statistics is the most common approach.

There are several discriminant analysis algorithms, most of them based on
distance calculations on the real or transformed sample space. The main discriminant
analysis algorithms employed in biologig@rived spectrochemical applications will be
discussed below.

Linear discriminant analysis (LDALDA is a discriminant analysis algorithm based on

a Mahalanobis distance calculation between the samples for each(2iass &
Brereton, 2009)This calculation can be performed with or without Bayesian probability
terms, which can be applied when clasisave different sizg®ixon & Brereton, 2009)

LDA uses the pooled variano®variance matrix in the distance calculation, hence, the
distance between a test sample and a given class centroid is weighted according to the
overall variance of each spectvariable(Dixon & Brereton, 2009)This is particularly

useful when the classes have similar variance structures or when the sample size is small
(Wu et al, 1996) However, LDA is highly affected when classes have different variance
structures, which ofin happens in complex biological medium. In addition, LDA is a
parametric method that assumes the samples follow a normal distribution and cannot be
applied to illconditioned datag.g, when the number of spectral variables is larger than

the number of amples(Morais et al, 2012). Although spectral data usually do not
perfectly follow a normal distribution, LDA is robust enough to handle spectroscopy data
and, according to the CLT, this effect can be reduced by increasing the sample size. The

issue redted to illconditioned data can be solved by the application of PCA or variable
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selection techniques to the greocessed spectral data prior LDA, such as the principal
component analysis linear discriminant analysis (R@A) algorithm, where LDA is
appled to the PCA scorg$/orais & Lima, 2018)

Quadratic discriminant analysis (QDABimilarly to LDA, QDA is a discriminant
analysis algorithm based on a Mahalanobis distance calculation between the samples for
each class, which can use Bayesian probgbiétms to correct for classes having
different sizegDixon & Brereton, 2009)However, differently from LDA, QDA forms a
separate variance model for each class, thus using a different vareaacegnce matrix

for each clas¢Dixon & Brereton, 2009)For this reason, QDA outperforms LDA when
classes exhibiting different withicategory variances are being analy@ddraiset al,

2019a) Like LDA, QDA is also a parametric method that is highly affected by ill
conditioned datahowever, these issues can be solved in the same manner as described
for LDA. Often, QDA is applied to the PCA scores in the principal component analysis
quadratic discriminant analysis (P€2DA) algorithm(Morais & Lima, 2018) Its main
disadvantages arthat QDA underperforms LDA for small size datasets and it has a
higher risk of overfitting than LDAMoraiset al, 2019a; Moraiet al, 2019b; Wuet al,

1996).

Partial least squares discriminant analysis (PD8). PLS DA (Brereton & Lloyd, 2014)

IS a keature extraction and classification algorithm that usually performs better than PCA
followed by LDA, as the scores from PCA do not necessarily describe the difference
between the samples, but the variance in the spectrgMataiset al, 2019b) In PLS-

DA, a PLS mode{Geladi & Kowalski, 1986}s applied to the prprocessed spectral data
reducing the original spectral variables to a small number of latent variables (LVs), where
then a linear discriminant classifier is used for classifying the gr@dipbert, 2016) It

is important to stress that there are different ways of performing the PLS model, such as
using the SIMPLS(de Jong, 1993pr the nordlinear iterative partial least squares
(NIPALS) algorithm(Wold et al, 2001) and that the classifiaan rule of PLSDA vary
according to the application or software being used. Linear classifiers based on Euclidian
distance to centroid8rereton & Lloyd, 2014)LDA (Pomerantsev & Rodionova, 2018)

and Bayesian decision ru(Pérez et al, 2009)are some examples that can be used in
PLSDA. In addition, PLSDA can be adapted to ommdéass modelling, as described by
Pomerantsev and Rodiono(2018. The main disadvantage of PICAA is that this

algorithm is greatly affected by classes having diffesezes and it requires optimization
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of the number of LVs, which is often performed by creabdation (Morais et al,

2019b) Also, it is important to highlight that PESA is a binary classifier, that is, when

more than two classes are analysed a PL&®elis built where the classes are codded in

a matrix with sizem (rows, samples) x (columns, classes) containing zeros when the
sample does not belong to the target class and ones when the sample belong to the target
class. In PLDA, classcoding canot be made in a sequential manreeg{ 1, 2, 3,
since this imply a distance relationship between the samplgssamples from class 1

are farther from class 3 than the samples in class 2). Some softwares allow the input of
sequential classoding,but this information is internally convert into a zeros and ones

matrix before model construction.

K-nearest neighbours (KNNKNN (Cover & Hart, 1967)is a local norparametric
classification method where samples are cl
that is, a given test sample spectrum is projected in a feature space and based on the
calculation of a distance or dissimilarity metric dvhattan, Euclidian, Minkowski or
Mahalanobis distance; or by correlation), depending on the number of nearest
surrounding neighbour training samples to this test sample, the sample is classified
towards the majority observed class. The main advantagsfi&that it can be applied

to almost all type of data independent of its probability distribution or condition number,
and does not require a particular ratio between the number of samples and the number of
spectral wavenumbe(®arini, 2010) KNN main dsadvantages are that the model tends

to overfit by skewing towards the bigger class size when unequal classes sizes are
analysed, and that the model is highly sensitivity towards random spectral noise and to
t he HAcur se o f(Maghi, 20&0n Maais at al.| 201y ki addition, KNN
requires the optimization of the distance calculation method arndvilee (number of
neighbours), which can be performed through cradslation(Moraiset al, 201%).

Support vector machines (SVMBVM is a binay linear classifier with a nefinear step

called the kernel transformati¢@ortes & Vapnik, 1995)A kernel function transforms

the input spectral space into a feature space by applying a mathematical transformation
which is often nodinear. Then, a liear decision boundary is fit between the closest
samples to the border of each class (called support vectors), thus defining the
classification rule. Although being highly accurate to classify spectral data, SVM requires
many parameters optimization, swashthe type of kernel function and its parameters, and

it is highly susceptible to overfitting; besides being a highly {tmesuming algorithm
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(Moraiset al, 201%). The radial basis function (RBF) kernel is often the best kernel to
use in SVM,since it can adapt to different data distribution. To avoid overfitting, €ross
validation should be always performed to estimate the best kernel paraivetets et

al., 201%). Multiclass SVMs are possible through the implementation of approaches such
as onevs.all, onevs.one, fuzzy rules and directed acyclic graph t{(Besreton & Lloyd,

2010) although the first approach is the most common.

When data complexity increases, for instance, when the spectra data are not
following a bilinear rule or whetthe components complexity are too excessive to be
anal ysed by the previous nee tmachirkslearning b | a ¢ k
techniques where the classification rules are hard to interpret, can be applied. Most of
these algorithms were developed &mplications such as face recognition, where a high
degree of notlinearity is observed between the measurements, but they have found their
way into spectrochemical applications. Artificial neural networks (AXNA&rini et al,

2008) randomforests(Fawagretet al, 2014)and deegearning approachgieCunet

al., 2015) are common classification methods applied in such situations. All these
techniques have a ndimear classification nature and higher accuracy in comparison with
more simplemethods, however in order for these algorithms work properly with a low
risk of overfitting many parameters need to be optimised, which depends on the analyst
skills and usually demands high computation ¢bkiraiset al, 201%). Classification
techniques should be used in a parsimonious of@&rasholtz & Kowalski, 1993)n

which the simplest algorithms should be performed first before testing more complex
algorithms. A suggested order for running these classification algorithms is: LDA-> PLS
DA > QDA > KNN > SVM > ANN > Random forests > dedgarning approaches
(Moraiset al, 201%).

Apart from these discriminant methods, there are many other discriminant
analysis algorithms that are known but not much applied to bioledérated spectral
data, suchas learning vector quantization (LV@Pixon & Brereton, 2009)and
regularized discriminant analysis (RD&Vu et al, 1996) These algorithms are not
much used probably due to the lack of available software containing these routines. The
main chemometrisoftwares for classification applications are shown in TallleApart
from these main softwares, there are many open source-&eslgble options with
specific algorithms for classification of spectral data, such as the Mulff@Aget al,

2012)toolbox for MATLAB that contains some classification routines; the Bio{la&a
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Gussenet al, 2009)toolbox for MALTAB that contain PCA_DA routines; the SAISIR
(Cordella & Bertrand, 2014foolbox that contains PGRDA, PLS-DA and QDA
routines; the ParLefRossel, 2008%oftware that contain routines including PCA and
PLS; the Raman Processing Progi@&mrisneret al, 2011)that contains LDA, ANN and
SVM routines; the PMI(Jinget al, 2014)toolbox for machine learning; the BSIMCA
(Zontovet al, 2017)toolbox for MATLAB that contain SIMCA routines; the libPL(Ei

et al, 2018)library for MATLAB that contain PLSA routines; and the LIBSVM
(Chang & Lin, 2011)ibrary for SVM. Other clas§ication routines can be found in
spectrometer softwares or by specific libraries or toolbox available online for MATLAB,
Octave, Scilab, R and Python.

Octave and Scilab are open source frealgilable platforms with syntax very
similar to MATLAB and mayinterchangeable routin¢alsberg & Hagen, 2006).e.,
routines made for MATLAB often work in Octave or Scilab. Fremhailable
chemometric toolboxes for Octave and Scilab include the SAISIR tod®arxdella &
Bertrand, 2014(https://www.chimiometrie.fr/saisir_webpage.hjrahd the FACT (Free

Access Chemometrics ToolboxXjti{ps://www.scilalorg/factfree-accesschemometrics

toolbox¥). R is another powerful open source statistical platform often used for
chemometric application®ehrens, 2011)Apart from the CAT (Chemometric Agile
Tool) toolbox showed in Tabl@.1, there are other freegvalable chemometrics
packages for R, such as the Chemometrics package
(https://www.rdocumentation.org/packages/chemometrics/versiong/1.4éhd  the

CRAN package Chemometric§Varmuza & Filzmoser, 2009)(https://cran+

project.org/web/packages/chemometrics/index.htmython is a higtevel computer

programming language which is also becoming papior chemometric applications.
Jarviset al.(2006)developed an open source chemometric toolbox named PYCHEM for
multivariate analysis of spectral data using Python. PYCHEM is faailable at
http://pychem.sourceforge.net/
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Table 2.1.Main chemometric softwares for multivariate classification.

Software Website Classification Availability
algorithms
IrootLab http://trevisanj.githu LDA, PCA-LDA, ANN, Free

(Trevisanet al.,
2013)

Classification
Toolbox for
MATLAB
(Ballabio &
Consonni, 2013

CAT
(Chemometric
Agile Tool)
PLS_Toolbox

Statistics and
Machine
Learning
Toolbox for
MATLAB
Unscrambler X

Pirouette

SIMCA
Umetrics

b.io/irootlab/

http://www.michem.
unimib.it/

http://gruppochemio
metria.it/index.php/s
oftware
http://www.eigenvec
tor.com/

fuzzy classification,
KNN, logistic
regression, SVM, PCA
SVM, binary decision

trees.

LDA, QDA, PCA-LDA, Free
PCA-QDA,

classification trees
(CART), PLSDA,
SIMCA, unequal clas:
models (UNEQ),
potential functions.
SVM, KNN,
backpropagation neur:
networks.

LDA, QDA, KNN. Free
PLS DA, SVM, Commercial
SIMCA, KNN.

https://mathworks.cc Binary decision trees Commercial

m/

LDA, QDA, naive
Bayes classifier, KNN
SVM, random forest.

https://www.camo.cc SIMCA, LDA, PLS Commercial

m/unscrambler/
https://infometrix.co
m/
https://umetrics.com

DA, SVM.

KNN, SIMCA, PLS Commercial
DA.

. SIMCA, PLSDA, Comnercial

orthogonal partial leas
squares  discriminar
analysis (OPLSDA).

2.2.6 FeatureExtraction and Selection

The feature extraction stage is responsible for producing a smaller number of

variables that are more informative than the original whole set of wavenumber/variables.

Feature selection is commonrdyplied as a stage prior to classification as a means to

prevent

overfitti

ng and t o cleatwraiexiadiont t
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and selection can be used to reduce data complexity, to reduce redundant information, to
speed computatieime, and to aid biomarkers identification. Feature extraction
techniques allow one to extract spectral features related to important chemical
components within the spectral dataset, and feature selection techniques significantly
reduces the prprocessed speal dataset to a small set of variables responsible for class
differentiation. The most straightforward way to identify important spectral features is by
plotting the colowcoded meaitentred data. As mentioned before, meantring is a

key scaling steapplied to the data before multivariate analysis. By plotting the mean
centred data, the analyst can see spectral regions where the general data trend between
the classes diverge. Spectral regions where one can clearly see a spectral difference are
oftenthe most important spectragions within the dataset. These regions can be selected

for model construction; though it istaal and error proceduré.e., the analyst needs to
evaluate the model validation performance udimg whole spectrum, some sekd

spectral regions, and spectral variables selected by other methods. Also, knowing the
nature of the phenomena being measured can aid and guide the analyst to select important

spectrochemical features.

Feature extraction techniques can also be usedthjiror indirectly to identify
important spectral variables. PCA and PR& are two very common feature extraction
techniques. PCA loadings and the P& regression coefficients can be used to identify
important spectral features. Some approaches basBd$ such as variable importance
in projections (VIP) scord§er@set al, 2019, selectivity ratiaFeréset al, 2015 and
interval partial least squares (iPL@@rgaardet al, 200Q are useful tools to find
important spectral variables. VIP scores, selection ratio and iPLS are very different
techniques where the first two are methods employing the PLS loadings or the regression
coefficients, which carry some risk of misinterpretatismce regression vectors of
inverse calibration methods, such as PLS, can exhibit extremely complex behaviour in
even the most simplistic circumstang&own & Green, 2009)On the other hand,
methods employing the minimum error as guidance, such & dRi_not carry this risk

and are in some degree more reliable for qualitative spectral interpretation.

Another feature extraction technique particularly useful for hyperspectral imaging
data is the multivariate curve resolution alternating least sq(M@R-ALS) algorithm
(de Juan & Tauler, 2006; Jaunsital, 2015) MCR-ALS can be applied to reduce the

spectral dataset into important spectral features and aid biomarker identification through
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the interpretation of the concentration and spectral psofdentaining the purest
components in the experimental spectral matrix. M&RS allows the introduction of
chemical constraints in the factor analysis model, improving the resolution of spectral
mixtures through adjusting chemicalyeaningful parameters;and allow the
construction of concentration distribution maps based on the recoveredAUER
concentration profiles for hyperspectral images datddetduaret al, 2004) For first

order spectral data, MGCRLS can also be applied to solve mixtures aaddcover
concentration and pure spectral profiles towards kinetic, quantitative or qualitative
applications. However, MCRLS is limited by the fact that its bilinear decomposition
may show a large degree of rotational ambiguity, precluding the obtaimhezitable

results.

Feature selection techniques allows the identification of specific spectral
wavenumbers within the original spectral space responsible for maximizing the class
differences. Some examples of feature selection algorithms includenitienum
redundancy maximum relevanddRMR) algorithm(Radovicet al, 2017) in which the
variable selection process is based on the maximization of the relevance of extracted
features and simultaneous minimization of redundancy between (lenais et al,
201<); the successive projections algorithm (SH8dpareset al, 2013) which is an
iterative forward feature selection method operating by solvinlinearity problems
within the spectral dataset, thus selecting wavenumbers whose information ¢®ntent
minimally redundan{Theophilouet al, 2018) and the genetic algorithm (G&YicCall,

2005, which is a iterative combinational algorithm inspired by Mendelian genetics where

a set of initial variables undergo selection, crogsr combinations and rtations until

the fittest selected variables are fouyftieophilouet al, 2018) The variables selected

by these techniques can be used as input for the classification methods described
previously, which is important since these techniques reduce the sd&taand
collinearity, hence, improving the model accuracy and analysis time. Adaptations of
PCA, PLS, SPA and GA (as feature extraction/selection techniques) to LDA, QDA,
SVM, KNN and ANN (as classifiers) are well knoi®iqueira & Lima, 2016a; Siqueira

& Lima, 2016b; Siqueirat al, 2018)
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2.2.7 ModelValidation

The performance of any classification model must be validated by calculating
some quality metrics, or figures of merit, for a validation or test set. The traintngssr
validation performance reflects the model fitting but it does not reflect the model
predictive performance towards unknown samples. For this reason, figures of merit such
as accuracy (AC), sensitivity (SENS), specificity (SPEC), positive predictaheev
(PPV), negative predictive value (NPV), positive likelihood ratio (LR+), negative
likelihood ratio (LR), FScore and &score are often calculated for external validation
or test setéMorais & Lima, 2017; Siqueirat al, 2017) The equations to caltate these

parameters are depicted in TaBI2.

For binary modelsj.e., models containing two classes, these parameters are
calculated only once, where the positive class is the class of inteigstisease) and
the negative class is the controlsdé.g, healthy controls). When more than two classes
are modelled, then these parameters must be calculated individually per class. Often,
receiver operating characteristic (ROC) curves, including the area under the curve (AUC)
value; and confusion mates containing the predicted number of samples or predicted
classification rate per class are reported in a form of a table or graphically to aid the reader
evaluating the model classification performance. Also, based on the confusion matrix, the
Cohekmdpp a c o e(Warrersj 201iitan be aadlculated, which is a weighted
average of the model performance. Other parameters, such as model uncertainty, can be
calculated. Uncertainty is related to the probability of misclassification and model
robustnes(Moraiset al, 201%), and can be calculated for LDA, QDA and SVM models
(Morais et al, 2019b) PLSDA (de Almeidaet al, 2013; Rocha & Sheen, 201&nd
ANN (Allegrini & Olivieri, 2016). The number of quality metrics to report depends on
the application and rigor of the study. We recommend reporting at least the accuracy,
sensitivity and specificity for small studies, while all the metrics in Tat#ecan be

reported for bigger studies.
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Table 2.2. Quality parameters to evaluate the model classification performance. TP
stands for true positives, FP for false positives, TN for true negatives, and FN for false

negatives.
Parameter Equation Meaning
Accuracy (AC) / % 40 4. Number of samples correctl
40 &0 4. &. PTT qlassified considering true and fal
negatives. Optimal value: 100%.
Sensitivity (SENS) / 40 Proportion of positive sample®.,
% 40 &. prm disease) that are correctly classifie
Optimal value: 100%.
Specificity (SPEC) 1/ 4. Proportion of negative samples.d,
% 4. &0 pmm healthy controls) that are correct
classified. Optimal value: 100%.
Positive  predictive 40 Number of test positives that are tr
value (PPV) / % 40 &0 pmm positives. Optimatalue: 100%.
Negative predictive 4. Number of test negatives that are ti
value (NPV) / % 4. &. pmm negatives. Optimal value: 100%
Positive  likelihood 3%. 3 Ratio between the probability «
ratio (LR+) p 30 %# predicting a sample as positive whel
is truly positive and the probability ¢
predicting a sample as positive whel
is actually negative. SENS and SPI
are not in percentage. Optimal valt
infinite.
Negative likelihood 3 0 %# Ratio between the probability «
ratio (LR-) P 3%. 3 predicting a samplesanegative wher
it is actually positive and th
probability of predicting a sample ¢
negative when it is truly negativi
SENS and SPEC are not in percente
Optimal value: 0.
F-Score ¢ 3%. B30%# Model performance considerir
30. B0 WH# imbalanced classes. Optimal valt
100%.
G-Score N3 %. B 0 %# Model performance not accounting f

the classes size. Optimal value: 10C
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2.3 Procedure

Loading the dati2d, depdndingiomtie size ofrthie dataset

1. The spectra data musé loaded into the software for data analysis. Usually, the
spectral data need to be converted to suitable .txt or .csv files within the
spectrometer software, or saved in an extension format readable by the software
used for data analysis. MATLAB commarslsich as O6csvreadd an
or the option right <c¢click > o0l mport Da
window of MATLAB, can be used to load standard .csv or .txt filesotLab86
tool box for MATLAB <cont ai ntolaad differeiter f a c
spectral formats: .DAT files, .csv files, OPUS binary files from Fourier transform
infrared (FTIR) Bruker® spectrometers, and .txt and Wire files from Renishaw®
Raman spectrometers. We strongly suggest saving the spectral files in.tgsv o
file formats since these are universal formats most chemometric software read

regardless the instrument manufacturer brand.

z CRITICAL Experimental procedures for sample preparation and Raman and
FTIR spectral acquisition are demonstrated in otmetopols (Bakeret al, 2014,
Butleret al, 2016; Martinet al, 2010; Morait al, 2019c).

z CRITICAL The routine to load the spectral data depends on the file format,

spectrometer manufacturer, and software being used to analyse the data.
? TROUBLESHOOTING

In case of fail to load directly the spectral data into the software for data analysis,
export the spectral data into readable .txt, .csv or .xls formats within the spectrometer
software and load them into Microsoft® Excel or any spreeelssoftware. Then,

copy and paste the spectral data from the spreadsheet to the data analysis software.

Yy PAUSE POINT Save the spectral dataset in the data analysis software fermat (

.mat for MATLAB) into a known folder for further analysis.
Dataqual i ty eval uat i 6 4h, dependinmmonrheg siz¢ 6f thendataset
2. Evaluate the raw spectral data by plotting them and by performing quality tests to

identify anomalous spectra or biased patterns before applying processing. This
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can be done by sual inspection of the spectral profiles, followed by plotting

Hot el I?versug@®residdals charts using only the meamtred data, and the
analysis of the PCA residual s. Sampl es
versusQ residuals chart shtwlbe investigated and removed. Outliers must be
removed one at the time from the PCA model. PCA residuals should be random

and close to zero. Further instructions about data quality evaluation can be found

i n OMini mum dataset rteeaitiircemte nitrs 6t raen do E
designd sect PversusQ resaltaks thiarts wagm des buill using the
automatic Outlier Detection algorithiMorais et al, 2019c)for MATLAB at
https://figshare.com/articles/Outlier _Detection/7066613/2

Dataprepr ocessi ng O T 4h, depending dnihe size of the dataset

z CRITICAL Steps 3 8 below can be modifiedepending on the nature of the dataset.
Preprocessing effects are depicted in @ and a prgrocessing decision flowchart is
shown in Fig2.3. Further details aboutper ocessi ng technigues ¢ca

processingd in ghé eEgpeonmental desi

3. Selecting the biofingerprint regionTruncate the spectra dataset to the
biofingerprint region to eliminate atmospheric interference present in other
regions of the spectra. FTIR: 1800900 cm'; Raman: 2000 500 cm?; NIR: 900
T 2600 nm.

4. SavitzkyGolay (SG) smoothinfipr removing spectral nois&Vhen random noise
is present, SG smoothing should be applied. Window size varies according to the
spectral dataset resolution and size. The window size must be an odd number,
since a central dataomt is required for the smoothing process. Try different
window sizes from 3 to 21 and observe how the spectra change (in shape) and
how the noise is reduced. Use the smallest window size that removes a
considerable amount of the noise while maintainhmg driginal spectral shape.

E.g, using a spectral resolution of 4 ¢nthe IR biofingerprint region (960800

cml) usually contains 235 wavenumbers; in this case, a window size of 5 points

should be used. The polynomial order of the SG fitting shousgbend order for

IR, Raman and NIR datasets due to the quadratic band shape of the spectrum.
5. Light scattering correction using either MSC, SNV or second derivé&ings, try

using MSC or SNV, as MSC maintains the spectral scale and both methods
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maintain the original spectral shape. If the results are not satisfaetary (
classification accuracy < 75% in the validation set), try using the second

derivative spect.

z CRITICAL If resonant Mie scatterin@Bassaret al, 2009)is present in the spectra
(often detected by a severe baseline distortion followed by a systematic shiftyin the
axis), then the RieSEMSC algorithm(Bassaret al, 2010)should be used for spectral
correction instead of MSC, SNV, second derivative or other baseline correction

technique.

6. Perform baseline correction using AWLS or rubband baseline correctionif
EMSC or spectral differentiation is applied as the ligtdttering correction
method, baseline correction is not necessary.

7. Normalisation Normalise the spectrum to the Amide | or Amide Il peak, or
perform a vector normalisation-(®rm, length = 1) to correct different scales
across spectrae(g, due to diffeent sample thickness when using FTIR in
transmission mode).

8. Scaling Meancentre the spectral dataset. In case of data fusion,-btmding

should be used.

z CRITICAL Plot the spectral data throughout all the-precessing steps to identify
anomalous bedviours. For parsimonious reason, only use thepppeessing methods
t hat are needed for thpeodasasegd(seethieg.

designd section).

y PAUSE POINT Save the prgprocessed spectral dataset in the data analysis seftwar

format €.g, .mat for MATLAB) into a known folder for further analysis.
Expl oratory anali4dsdemendidg oh thersizenaj theldatdmset

9. Perform a PCA model with the meaantred prerocessed spectral data to
identify clustering patterns, trends and outliers within the dataset. Determine the
number of PCs by plotting the number of P@ssusthe model explained
variance, where the selectadmber of PCs should be the one that contains the
majority of the cumulative explained variance before a constant trend is observed
in the next following PCs. Usually the number of PCs should not exceed 10 PCs,

since this can add random noise to the model
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10.Plot the PCA scores on P@grsusPC2, and investigate other combinations of
PCA scores plot on different PCs according to the number of selected PCs to
identify possible clustering patterns or trends. Colmde the samples to
facilitate visualisation.If a clear segregation pattern between the classes is
observed on the PCA scores space, this is an indication thatbBR&xA
discriminant models, such as PEAMA and PCAQDA, might work well with
the dataset.

11.P1 ot t he Nesusd®residualsgchador tiie PCA model built in order
to identify possible outliers still within the spectral dataset. The outliers should be

removed from the dataset before proceeding to the next steps.
z CRITICAL The preprocessed spectral data must be raartred befor@CA.

z CRITICAL PCA is not a classification method, thus the PCA scores plot is not the

final classification model.
? TROUBLESHOOTING

If no segregation trend is observed in the PCA scores plot, this is an indicative of the
dataset complexity. The visuaison of the PCA scores is limited ted@menions (3D)

plots, hence, no apparent segregation trend does not mean that the dataset cannot be
discriminated in the PCA scores space. Therefore,-B&&d discriminant models can

still be built by using 4 to 18Cs, or more.
Data sel ect i oni4dd, ddpendingromgthelsi@e ohthe nlataset

12.Separate the samples that will be used for the training and test sets. Data selection
should be performed before model construction. The samples can be split into
training (70%) and test (30%) sets, using a cradilated model; or they can be
split into training (70%), validation (15%) and test (15%) sets without using cross
validation. To maintain consistency and account for swalanced training
models, the KS or MM algorithms are suggested to separate the samples into the
subsets. The KS algorithm is freely available at
https://doi.org/10.6084/m9.figshare.760742(0.\dnd the MLM algorithm is
freely available ahttps://doi.org/10.6084/m9.figshare.7393517.v2
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z CRITICAL Spectrum replicas for a same sample cannot be present in more than one
subset; that isspectral replicates cannot be distributed amongst the training, validation

and/or test sets.
? TROUBLESHOOTING

When spectral replicates are present in the dataset, the data selection algorithm can be
applied in a way to keep the spectrum replicas t@gettr by averaging the spectral
replicates before applying the data selection algorithm.

? TROUBLESHOOTING

If the percentages of samples (70%, 30% or 15%) for eachetigenerate numbers with

decimal places, round them to the closest integer values.

y PAUSE POINT Save the training, validation and/or test sets in the data analysis

software formatd.g, .mat for MATLAB) into a known folder for further analysis.
Model constr ucti#éad, depending onnthe size ofthe dataset

z CRITICAL Featureextraction €.g, by means of PCA) or feature selectierg( by

means of SPA or GA) should be used to reduce data collinearity and speed up data
processing and analysis time. RD@ is already a feature extraction method; thus
performing a feature exitdon technique prior PL-BA is not necessary. KNN, SVM

and ANN algorithms can be applied either without or after feature extraction/selection
techniques. The classification technique being tested must follow a parsimony order:
LDA > PLSDA > QDA > KNN > SYM > ANN > random forests > dedparning

approaches.

13.Apply the feature extraction or selection technique. The optimization of the
number of PCs during PGCBased methods or LVs during PIDA can be
performed using an external validation set (15% ofotfiginal dataset) or using
crossvalidation (leaveoneo ut f or s mal | datasets (020
or random subsets with 10 data splits can be used for large datasets (>20 samples);
or continuousblock (.e., leaveonepatientout crossvalidation) when replicate
spectra are present). GA should be performed three times, starting from different
initial populations, and the best result using an external validation set (15% of the
original dataset) should be used. Croser probability should be s 40% and
mutation probability should be set t61D%, according to the dataset size.
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14.The classification method should be used optimized by an external validation set
or by using crossalidation, especially for selecting the number of LV$at
DA, and the kernel parameters for SVM. The kernel function for SVM should be
the radial basis function (RBF) kernel, due to its adaptation to different data
distribution. To avoid overfitting, crosslidation should be always performed
during model costruction to estimate the best RBF parameters in SVM.

z CRITICAL The final classification model must be built with the optimum classifier

parameters.
y PAUSE POINT Save the training model parameters for further analysis.
Model wvalidat ii8mdepending onithe gize &f thé dataset

15. After model construction using the training set, the model must be blindly
validated by an external test set. The samples in the test set cannot be present in
the training set; and the model output for the test set be statistically compared
with reference known values.

16.Based on the model output for the training and test sets, calculate the accuracy,
sensitivity and specificity for each set. The metrics for the training set are used to
assess the fitting of the mel, but they do not reflect the true model behaviour
towards unknown samples. The metrics for the test set are the true expected results

representing the predictive classification ability of the model.

2.4 Troubleshooting

5.1.2 Loading the Data
The file format in which the spectral data is saved must be readable by the data
analysis software. Check the importing data routines in the data analysis software

beforehand to save the experimental files in a suitable file format.

2.4.2 DataPre-processing
Datapre-processing techniques should be used in a parsimonious way, and they

cannot mask the signal of interest. Testing differentppoeessing techniques is
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recommend to find the best solution in terms of cr@dElation or validation

performance.

2.4.3 Model Construction

In case of unsatisfactory classification results, the complexity of the model being
tested should increase in the following order: LDA > HDA> QDA > KNN > SVM >
ANN > random forests > dedparning approaches. Changing the type ofsdi@s, the
feature extraction/selection technique and the type epmeessing are ways to narrow
down the classification results and find the best classification model. The performance
testing of candidates models can be made by -ma@g$ation or byusing an external
validation test. The final performance of the classification model must be calculated using
an external test set containing independent samples (samples not present in the training

set).

5.1 Timing

2.5.1 Loading theData
Step 1,importing the data to the data analysis software: 5infind, depending on the

size of the dataset.

2.5.2 DataQuality Evaluation
Step 2(A), plotting and inspecting the spectral profiles: 15imirh, depending on the
size of the dataset.

Step 2(B),inpect i ng Hawdrsask residuagsichartsTor the meaentred raw

data: 15 miri 2 h, depending on the size of the dataset.

Step 2, analysis of PCA residuals: 10 min.
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2.5.3 DataPre-processing
Step 3, selecting the biofingerpri@gion: 10 min.

Step 4, SavitzkyGolay (SG) smoothing for removing spectral noise: 2 m0 min,

depending on the size of the dataset.

Step 5, light scattering correction using either MSC, SNV, second derivativaieSR

EMSC: 2 mini 20 min,depending on the size of the dataset.

Step 6, performing baseline correction using AWLS or ruilaerd baseline correction:

2 mini 40 min, depending on the size of the dataset.
Step 7, normalisation: 1110 min, depending on the size of the dataset.

Step8, scaling: I 10 min, depending on the size of the dataset.

2.5.4 Exploratory Analysis
Step 9, building a PCA model with the measntred preprocessed spectral data to

identify clustering patterns: 10 mird h, depending on the size of the dataset.

Step 10, plot the PCA scores on P@&IsusPC2, and investigate other combinations of
PCA scores plot on different PCs to identify possible clustering patterns or trends: 30 min

i 12 h, depending on the number of selected PCs.

Step 11, checkingthd o t e | |12versus® residifals chart to identify outliers: 10 min

I 2 h, depending on the size of the dataset.

2.5.5 DataSelection
Step 12, sample splitting: 10 miird h, depending on the size of the dataset.

2.5.6 ModelConstruction
Step 13application of feature extraction or selection techniques: 15 @im, depending

on the size of the dataset and the feature selection technique being used.

Step 14, construction of the classification model: 15imind, depending on the size of
the dataet, type of crossalidation and type of classifier.
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2.5.7 ModelValidation
Step 15, obtaining the model outputs for the test set: 1% thin, depending on the size

of the test set.

Step 16, calculation of model performance metrics: 30 im& h, depending on the
number of metrics being calculated and the number of classes in the dataset.

5.1 Anticipated Results

To illustrate how this protocol can be used to analyse spectral data, we will
conduct some classification models for 3 real datasets: (HrSyamster embryo (SHE)
cells dataset composed of FTIR spectra, free available as pamatEdb toolbox
(http://trevisanj.github.io/irootlaly (2) Raman spectra of blood plasma to detect ovarian
cancer, free available &ttps://doi.org/10.6084/m9.figshare.6744206.ahd (3) NIR
spectra of corn samples, free available at

http://www.eigenvector.com/data/Corn/index.html

Dataset 1 (SHE cells) was originally published by Trevisaal. (2010)and is
composed of originally 10 classes, containing attenuated total refleEoarier
transform infrared (ATRFTIR) spectra of cells exposed to 5 contaminants in two levels
(nontransformed and transformed). In this example, only two classes are being used for
analysis: class 1 (cells exposed to benzo[a]pyrene (B[a]P)ransfomed,n = 59) and
class 2 (cells exposed to B[a]P transfornmmed,62). The spectra at the fingerprint region
(1800900 cm') was preprocessed by differentiation. The stepy-step analysis of
this dataset using PCRDA/QDA is demonstrated in the AppemdA. Dataset 2,
originally published by Paraskevagtial.(2018), is also composed of two classes: class
1 containing 182 Raman spectra of blood plasma from healthy individuals, and class 2
containing 189 Raman spectra of blood plasma fowarian cancer patients. The raw
spectra were prprocessed by cutting the Raman fingerprint region (Z8D cm?),
followed by SavitzkyGolay 29 differentiation (window of 21 points, "2 order
polynomial fit) and vector normalisation. Dataset 3 consis89 corn samples measured
on 3 different NIR spectrometers. The spectra were acquired in the range between 1100
I 2498 nm at 2 nm intervals. The classification models for this dataset were based on the

spectra coll ected by rclasslwas daefinedtas tbe sgmpless s p e
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with prot ei n=236)pandckssP thesamBpleSwitl{ protein content >n8.5 (
= 44). The spectra for this dataset were-gmacessed by SNV. The raw spectra for
datasets 113 are show in thAppendix A Figure Al1.1.

A PCA was applied for exploratory analysis of the-precessed spectral data
foll owed by an outlier detection Zadrsgsori t hn
Q residuals charts for datasei8kre show in th&ppendix A FigureAl.2. Fordataset
1, it is possible to identify a segregation trend between the samples from class 1 and 2
along PC1, where the samples from class 1 are mostly distributed on-8iddetind the
samples from class 2 on the rigide of the PCA scores plot (FiguS2a). The
Hot el |%varsuQ@ resiuals chart (Figure S2b) does not show any sample
significantly far from the origin, thus no outlier is present in this dataset. In dataset 2, the
PCA scores plot on PClersusPC2 do not show any clear segregatimiween the
classes (Figure S2éyersusQ@ residuals lchart (RiguteeSRd) i n g 0 -
indicates the presence of 4 outliers in class 2. These 4 spectra were removed from the
dataset before further analysis. The PCA scores plot for dataset 3 (Figure S2e) show a
separation trend along PC2, where the samples éfags 1 are mostly on the positive
side of the scores on PC2, and the samples from class 2 are mostly in the negative side of
the scores on P é&wrsusQrraseuals chartefdr this datages (Fighre

S2f) does not indicate the presence dfiers.

After data selection using the MLM algorithm (70% of samples for training and
30% of the samples for test), the maemmtred preprocessed spectra were used to build
PCA-LDA, PCA-QDA and PLSDA classification models. The training and cross
validation accuracies for datasefs3lusing PCALDA and PLSDA are show in Table
2.3.

The optimal number of factors was selected by evadislation (Figures S35).
Overall, the PLSDA models are superior to the PA®OA models, which often happens
since the PL$lecomposition takes into consideration the reference classes labels for the
training set in a way that the latent variables maximize the covariance between the
samples, which emphasize the differences between the classes; while PCA decomposition
only descabe the variance in the data, which might not be totally related to class
differences (Moraigt al, 2019c).
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Table 2.3.Training accuracies for PGADA and PLSDA algorithms applied to datasets

1i 3. Crossvalidation using venetiahlinds with 10 dataplits. PCs stands for principal
components; LVs stands for latent variables; and EV stands for cumulative explained
variance.

Dataset Algorithm Number of factors Training Crossvalidation
accuracy accuracy
1 PCALDA 10 PCs (97% EV) 93% 90%
PLSDA 5LVs(86% EV)  95% 92%
2 PCA-LDA 9PCs (27% EV) 61% 61%
PLSDA 2 LVs (6% EV) 89% 72%
3 PCA-LDA 8 PCs (100% EV) 91% 84%
PLSDA 6 LVs (98% EV) 93% 88%

The performance of the discriminant analysis models in Table 2.3 applied to an
external test set is depicted in Table 2.4. 1/ models show superior predictive
performance, where higher accuracies, sensitivities and specificities are observed in the
testset in comparison to PGRDA. The mean prgrocessed spectrum and discriminant
function plot for PLSDA applied in datasetsi B are show in Figure 2.5. The PR
regression coefficients and ROC curves are show iApipendix A FiguresAl.6i 9.

Table 2.4. Test performance of PGADA and PLSDA models applied to datasett3l

Dataset Algorithm Accuracy Sensitivity Specificity

1 PCA-LDA 86% 95% 78%
PLSDA 89% 95% 83%

2 PCA-LDA 67% 59% 75%
PLSDA 80% 75% 85%

3 PCA-LDA 83% 69% 100%
PLSDA 88% 17% 100%

The classification performances of the PD8 models in Table24 are
satisfactory. Usually, in clinical applications, the minimum threshold for accuracy,
sensitivity or specificity is 75%, the level often found in routine clinical procedures. The
AUC values for the PL®A models in Tabl€.4 were 0.99 (dataset 1), 6.9dataset 2)

and 0.99 (dataset 3), indicating excellent predictive performance. Nevertheless, the
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classification performance of these models might improve by changing the type of pre
processing or by increasing the degree of complexity of the classificathnique, such

as by using feature selection technigqueg,(SPA and GA) or nofinear classifiersd.g,

SVM and ANN). For sake of simplicity, herein only the results obtained by-BPIQA

and PLSDA, which are the most common classification algorghare reported.
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Figure 25. Results for PLEDA models in datasets 3. (a) Mean prerocessed FTIR
spectra (X derivative) for dataset 1; (b) calculated PDB response for dataset 1, where

o0 = training samples and * = test samples; (c) measpmmeessed Raman spectrdd(2
SavitzkyGolay derivative (window of 21 points,"®order polynomial function) and
vector rormalisation) for dataset 2; (d) calculated FIDA response for dataset 2, where

o = training samples and * = test samplesiean preprocessed NIR spectra (SNV) for
dataset 3; (f) calculated PLZA response for dataset 3, where o = training samples and
* = test samples.
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CHAPTER 3 | IMPROVING DATA SPLITTING FOR
CLASSIFICATION APPLICATIONS IN
SPECTROCHEMICAL ANALYSES EMPLOYING A
RANDOM -MUTATION KENNARD -STONE ALGORITHM
APPROACH

This chapter is published in Bioinformatics (IF 4.531). It demonstrates a new
algorithm called MLM for sample selection in biospectroscopy datasets

U Morais CLM, Santos MCD, Lima KMG, Martin Fllmproving data splitting for
classification applications in spectrochemical analyses employing a random
mutation Kennarébtone algorithm approach. Bioinformati@)19 35(24):
5257 5263.https:/doi.org/10.1093/bioinformatics/btz421

Abstract: Motivation: Data splitting is a fundamental step for building classification
models with spectral data, especially in biomedical applications. This approach is
performed following prerocessing and prior to model construction, and consists of
dividing the samples to at least training and test sets; herein, the training set is used for
model construction and the test set for model validation. Some of theuseubt
methodologies for data splitting are the random selection (RS) and the k&toaed

(KS) algorithms; kre, the former works based on a random splitting process and the latter
is based on the calculation of the Euclidian distance between the samples. We propose an
algorithm called the Moraikima-Martin (MLM) algorithm, as an alternative method to
improve data splitting in classification models. MLM is a modification of KS algorithm
by adding a randofmutation factor.Results: RS, KS and MLM performance are
compared in simulated and six re@brld biospectroscopic applications using principal
component anagis linear discriminant analysis (P@®A). MLM generated a better
predictive performance in comparison with RS and KS algorithms, in particular regarding
sensitivity and specificity values. Classification is found to be more-eggiilibrated

using MLM. RS showed the poorest predictive response, followed by KS which showed
good accuracy towards prediction, but relatively unbalanced sensitivities and
specificities. These findings demonstrate the potential of this new MLM algorithm as a
sample selection metld for classification applications in comparison with other regular
methods often applied in this type of dafaailability: MLM algorithm is freely
available for MATLAB athttps://doi.org/1@G084/m9.figshare.7393517.v1

Author contribution : C.L.M.M. developed the algorithnperformed the data analysis
and wrote the manuscript
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3.1 Introduction

Data splitting is a process used to separate a given dataset into at least two subsets
called o6trainingé (or 6cal i brationd) and
implemented after pipr ocessi ng, when the sampdresd s
noise or undesired variability. These subsets are used towards constructing chemometric
models for quantification or classification applications. In quantification, calibration
models are built to assign a concentration or discrete value to a samgtedmags
spectral signature, whilst in classification applications, samples or experimental
observations are assigned to o6classesd ba
made by using chemometric methods such as principal component analgais lin
discriminant analysis (PGADA) (Morais & Lima, 2018), partial least squares
discriminant analysis (PL-BA) (Brereton& Lloyd, 2014), or support vector machines
(SVM) (Cortes& Vapnik, 1995). Sometimes, especially for large datasets, an extra subset
cdl ed oO6validationd is also obtained, cont
optimising factors in the chemometric model, such as the number of principal component
(PCs)in PCALDA, latent variables in PL®A, and kernel parameters in SVM. When
the vadidation set is not present, cregalidation is applied. In this case, samples from the
training set are used in an iterative validation process for optimising these models
parameters. This is made by firstly removing a certain number of samples from the
training set and then building the classification model with the remaining samples, where
the removed samples are predicted as a temporary validation set. This is performed for a
certain number of repetitions until all training samples are excluded amsétfe training
set and predicted as a temporary validation set. One of the most popularaticestson
methods is the leaveneout crossvalidation, where only one sample is removed from
the training set per each iteration. A misclassification errtineés calculated for this
temporary validation set, where different models parameters, such as different number of
factors or principal components, are tested. The training model with the lowest cross
validation error is then chosen as final, where thesdigation parameters that led to the
lowest crossvalidation error value are selected. The samples primarily excluded from
modelling (test set) are used for final model evaluation, since they are considered as being
external to the model (blind). In thisise, one simulates how the model would behave in
the presence of new observations, though they are often measured in the same experiment

with the training samples.
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To avoid the presence of bias introduced by manual data splitting, there are a
number of omputational methods that can be used for sample selection, such as based
on leverage (Wanet al, 1991), random selection (RS) or Kenn&tne (KS) algorithm
(Kennard& Stone, 1969). RS and KS are the most used methods for sample selection;
the former de to its simplicity and the latter due to its adaptation to analytical chemistry
applications, since it allows a training model covering most sources of variations within
the dataset, ensuring the training model is more representative of the whole. dataset
Currently, the original KS papéfennard& Stone, 196%as >1,000 citations, being the
method of choice in many classification applications.

Although including as much variability as possible within the training model
provides a good predictive perfoamce, sometimes random phenomena might occur with
new samples in a test set, in particular when samples come from complex matrices. An
example of this is biologicalerived samples. Biological samples can be affected by a
series of factors that are difficdo include in relatively small datasets. For example, in
clinical applications the spectrochemical
may vary according to changes in diet and lifestyle (Lindbml, 2017). The same
applies for bacteria orimuses extracted from certain media, since environmental
variations may also change their spectral signature. Additionally, random factors such as
genetic mutations might affect the predictive performance of a classification model for
biological samplesih he f uture. These phenomena add
predictive behaviour of a classifier, since more extrapolations might be needed to address
all of these issues. Thus, having in mind the inclusion of as much representativeness as
possible inthe training model but with a small degree of randomness, we propose a hew
algorithm based on a randamutation Kennarestone approach; we call this the Morais
Lima-Martin (MLM) algorithm.

Towards comparison of the predictive response of MLM with RS a®dwe
tested classification models on six reairld spectrochemical datasets using P2A,
where the predictive performance in terms of accuracy, sensitivity and specificity were
evaluated. In addition, simulations with normaligtributed randordata vere performed
to evidence the performance of the MLM algorithm in comparison with the RS and KS
method.
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3.2 System andV ethods

3.2.1 Datasets

Six realworld datasets were used towards comparing the classification
performance of RS, KS and MLM algorithms. Dataset 1 contains 280 infrared (IR) spectra
of two Cryptococcudungi specimens acquireda attenuated total reflection Fourer
transform infared (ATRFTIR) spectroscopy. This dataset is publicalyailable at
https://doi.org/10.6084/m9.figshare.7427927.€lass 1 is composed of 140 spectra of

Cryptococcus neoformarsamples analass 2 of 140 spectra @ryptococcus gattii
samples. Spectra were acquired in thei 4000 cm' spectral range with a resolution of
4 cntand 16 ceadded scans using a Bruker VERTEX 70 FTIR spectrometer (Bruker
Optics, Ltd., UK). The spectral data wegyee-processed by excising the biofingerprint
region (9001800 cm'), which was followed by automatic weighted least squares
(AWLS) baseline correction and normalisation to the Amide | peak (165%). dvtore
details regarding this dataset can be foundi@éndiure (Costat al, 2016; Morait al,
2017).

Dataset 2 contains 240 IR spectra derived from forrieded paraffirembedded
brain tissues separated into two classes. Class 1 contains 140 spectra from normal brain
tissue, and class 2 contains 100 spectra from glioblastoma brain tissue. Spectra were
collectedvia ATR-FTIR spectroscopy using a Bruker VECTOR 27 FTIR spectrometer
with a Helios ATR attachment (Bruker Optics, Ltd., UK). The raw spectra, acquired in
the 400 4000 cmt' spectral range with a resolution of 8'¢and 32 ceadded scans, were
pre-processed by excising the biofingerprint region (2800 cm?t), which was followed
by rubberband baseline correction and normalisation to the Amide | peak (1630 cm
This datase is publicly available as part of the robtLab toolbox

(http://trevisanj.github.io/irootlap(Trevisaret al,, 2013), and more informati@bout it

can be found in Gajjar (261

Dataset 3 contains 18R spectra distributed into 3 classes. Class 1 contains 59
spectra of Syrian hamster embryo (SHE) cells treated with kegpyogne (BR]P), class
2 contains 62 spectra of SHE cells treated withe2hylcholanthrene (RMCA) and class
3 contains 62 spectid SHE cells treated with anthracene (Ant). Spectra were acquired
in the 4004000 cm® spectral range with a resolution of 8 trby using a Bruker
TENSOR 27 spectrometer with a Helios ATR attachment (Bruker Optics, Ltd., UK). Pre

91


https://doi.org/10.6084/m9.figshare.7427927.v1
http://trevisanj.github.io/irootlab/

processing was performéy excising the biofingerprint region (%0D800 cmt), which

was followed by rubberband baseline correction and normalisation to the Amide | peak
(1650 cmb). This dataset is publicly available as part of tmeotlLab toolbox
(http://trevisanj.github.io/irootlalp/(Trevisanet al, 2013), and further information can

be found in Trevisaet al.(2010)

Dataset 4 contains 270 IR spectra from blood samples divided into four classes.
Class 1 is composed 0 9R spectra of control samples, class 2 contains 88 spectra from
patients with Dengue, class 3 contains 66 spectra from pathtZika, and class 4
contains 26 spectra from patients with Chikungunya. This dataset is puldicailgble
athttps://doi.org/10.6084/m9.figshare.7427933 Sfpectra were collected in ATR mode
by using a Bruker VERTEX 70 FTIR spectrometer (Bruker Optics, Ltd., UK).

Acquisition was performed in the 406000 cm' spectral range with a resolution of 4 cm

1and 16 ceadded scans. Rmgrocessing was performed by excising Hiefingerprint
region (9001800 cm'), which was followed by Savitzkgolay smoothing (window of
7 points) (Savitzky and Golay, 1964), AWLS baselcorrection, and normalisation to
the Amide | peak (1650 ch). Further details about this dataset can be found in Sentos
al. (2018).
Dataset 5 contains 351 Raman spectra of blood plasma divided into two classes:
162 spectra of healthy individuals sk 1), and 189 spectra of ovarian cancer patients
(class 2). This dataset is publicly available at

https://doi.org/10.6084/m9.figshare.6744206 Raman spectra were collected using an

InVia Renishaw Raman spectrometer coupled with a chaygpled device (CCD)
detector and Leica microscope, with 5% laser power (785 nm), 5x objective
magnification, 10s exposure time and 2 accumulations in the spectral range2f0f00
cml. The spectral data were gpeocessed by Savitzk@olay smoothing (window of 15
points), ANLS baseline correction, and vector normalisation. Further details about this
dataset can be found in Paraskevatdil.(2018).

Dataset 6 contains 322 surfaeehanced Raman spectroscopy (SERS) spectra of
blood plasma also divided into two classes: I33cta of healthy individuals (class 1),
and 189 spectra of ovarian cancer patients (class 2). This dataset is publicly available at
https://doi.org/10.6084/mfigshare.6744206.vISERS spectra were collected using the

same settings for dataset 5 but, in this case, silver nanoparticles were mixed with the

biofluid before spectral acquisition. The spectral-precessing was performed using
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SavitzkyGolay smoothig (window of 15 points), AWLS baseline correction, and vector
normalisation. Further details about this dataset can be found in Paraskeah{@018).

Simulations were also performed with simulated data. This data were generated
for each simulation (00 simulations) based on a normally distributed random matrix
with size of 100 x 1000 for class 1, and 100 x 1000 for class 2 (100 observations, 1000
variables per observation). The matrix values ranged randomly-ft@rto 10 units. A
shift of 5 units wa randomly added to class 2 to create a difference between the classes.
The codes t o produce cl ass 1 and cl as
randn(100, 1000). *randn(100, 1000) ; 6 an
(randn(100, 1000) +5). *randn( 10 Gratédofdr 6ach o . Cl
simulation (1000 times), where all algorithms (RS, KS, and MLM) were independently

applied per each simulation.

3.2.2 Software

Data analysis was performed within the MATLAB R2014b (MathWorks, Inc.,
USA) environment. Prprocessing was prmed using PLS Toolbox 7.9.3.
(Eigenvector Research, Inc., USA) and classification was performed using the
Classification Toolbox for MATLAB [ittp://www.michem.unimib.i)y (Ballabio &

Consonni, 2013). RS, KSnd MLM algorithms were performed using laboratory
generated routines. MLM algorithm is public available at
https://doi.org/10.6084/m9.figshare.7393517.v1

3.2.3 SampleSelection

Samples were divided into training (70%) and test (30%) sets using,
independently, the RS, KS or MLM algorithms. RS is based on a random sample selection
where spectra from the original dataset are randomly assigned to training or test. KS
algorithm is basd on an Euclidian distance calculation, where the sample with maximum
distance to all other samples are selected, then the samples which are as far away as
possible from the selected samples are selected, until the selected number of samples is
reached. Mis means that the samples are selected in such a way that they will uniformly
cover the complete sample space, reducing the need for extrapolation of the remaining

samples. MLM algorithm, based on a #&sed approach, applies a KS method to the
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data, as dscribed before; then, a randenutation factor is used in the KS results, where
some samples from the training set are transferred to the test set, and some samples from
the test set are transferred to training. Hereinyhb&ation factor was set at 10%his

value is inspired in the mutation probability of genetic algorithms (Metaés, 201<),

where 10% is a common threshold employed to keep a balance between the degree of
randomness and model convergence. MLM algorithm is visually illustratedune3.1.

st :
1ststep: KS method Training set Test set

000000 000000
000000 o © 0O00O0O
OOOOOO:>O © O0OO0OO0O
000000 000000

Samples

24 step: Randoamutation

Training set Test set Training set Test set

000000
®) © 0000
o 0 0O00O0O0
000000

Figure 3.1. lllustration of the MLM algorithm based on a randomutation of the
KennardStone (KS) method. Adapted from Moraisal. (201&)).

3.2.4 Classification

Classification was performed based on a AT algorithm. For this, initially
a principal component analysis (PCA) model is applied to thepnaeessed data,
decomposing the spectral space into a small number of PCs representing most of the
original dataexplained variance (Br& Smilde, 2014). Each PC is composed of scores
and loadings, the former representing the variance on samples direction, and the latter the
variance on variables(g, wavenumber) direction. Then, the PCA scores are ased
input for a linear discriminant analysis (LDA) classifier. LDA performs a Mahalanobis
distance calculation to linearly classify the input space (PCA scores) into at least two
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classes (Morai& Lima, 2018; Dixon& Brereton, 2009). The LDA classification scores
(0 ) can be calculated in a nd@ayesian form as (Morai& Lima, 2018; Dixon&
Brereton, 2009):

0 o o A 0O 0o (3.1
whereo is a vector containing the input variables for sanfe is the mean vector of
classQ A is the pooled covariance matrix between the classesdamghresents

the matrix transpose operation. Model optimization was performed usingvedaization
venetian blinds with 10 splits.

The PCALDA classification performance was evaluated by nseaf accuracy,
sensitivity and specificity calculations. Accuracy represents the total number of samples
correctly classified considering true and false negatives; sensitivity measures the
proportion of positives that are correctly identified; and, spodsif measures the
proportion of negatives that are correctly identified (Mo&idima, 2017). These
parameters are calculated as follows:

~ o~ A~ s s o~ N

| AAOCAAU——— pmm (32)
3A1 OEGEOESH prmm (3.3)
SPDAAEEEAESY pnm (34)

where4 Ostands for true positived; . for true negatives& (for false positives; and .

for false negatives.

3.3 Results and Discussion

Six reatworld datasets were evaluated using different data splittifmipaes:
RS, KS, and our new MLM algorithm. These datasets are composed of IR and Raman
spectra from biologicadlerived applications involving: IR spectra of fungi (dataset 1); IR
spectra of cancer brain tissue (dataset 2); IR spectra for toxicologidgl(sataset 3);
IR spectra of viruses (dataset 4); Raman spectra of plasma for ovarian cancer detection
(dataset 5); and, SERS spectra of plasma for ovarian cancer detection (dataset 6). Figure
3.2 shows the prprocessed mean spectrum with standard dewidor each class in
datasets 116. The preprocessed spectra from these datasets were used as input for the
sample selection technigyeshere their classification performances were evaluated
the PCALDA algorithm.
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Figure 3.2.Mean preprocessed spectrum with standard deviation (shaded) for each class
in dataset 1 (a), 2 (b), 3 (c), 4 (d),and 6 (f).

Dataset 1 is composed of 280 IR spectra for two fungi specimens groups
(Cryptococcuseoformangclass 1],Cryptococcugattii [class 2]), each class having 170
spectra each. Both fungi classes are pathogenic agents responsible for causing
Cryptococcosis in humans, differing in their epidemiology, host range, virulence,
antifungal susceptibility and geographic distribution (®set al, 2017)From a clinical
point of view, Cryptococcus neoformarns a pathogen with a tendency to attack the
central nervous system and its effects are mainly noted in immunosuppressed patients,
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whereasCryptococcus gattitargets the lungs of imunocompetent, healthy individuals

(Moraiset al, 2017). RS, KS and MLM were independently applied to theppreessed

spectra separating 70% of them for training and 30% for testing.-Cabdated PCA

LDA was applied for model construction using thiRR€s (99% cumulative explained
variance) selected according to the minimum ck@dglation error rate within the
minimum number oPCs (Figure 3.3). Theodel fitting performance is shown in Table

3.1, where the best training (84%) and creakdation (8%) accuracy are observed

using RS algorithm. KS generates the worst fitting performance with 80% accuracy in

both training and crosgalidation. The MLM algorithm shows an intermediary

performance with 83% and 82% accuracy in training and -aralgsation respectively.
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Figure 3.3. PCA-LDA crossvalidation error rate for datasets 1 (a), 2 (b), 3 (c), 4 (H), 5
and 6 (f). CV: croswsalidation; PCs: principal components.
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Table 3.1. PCA-LDA fitting accuracy for training and crosslidation (CV)varying with
the sample selection method (RS: random selection; KS: KeStang; MLM: Morais
Lima-Martin) applied in datasets @.

Dataset Sample selection method Training Accuracy (%) CV Accuracy (%)

1 RS 84 83
KS 80 80
MLM 83 82
2 RS 85 83
KS 81 80
MLM 82 77
3 RS 86 84
KS 83 82
MLM 84 80
4 RS 92 91
KS 90 90
MLM 93 90
5 RS 93 93
KS 89 88
MLM 91 88
6 RS 74 72
KS 75 72
MLM 76 75

Although the best fitting accuracy, the R8sed model exhibits a very poor
sensitivity, at 69%, in the test set (TaBI2). The specificity is high (88%), but the model
seems to have a poor balance in terms of sensitivity and specificity, indicatirpéhat
class is much better classified than the other. Thd&s®&d model with the worst fitting
gives the best specificity (98%), but the sensitivity remains the same. On the other hand,
the MLM-based model shows the best widlanced performance, where tbpecificity
falls to 78%, but the sensitivity increases to 74%, indicating that both classes are well
classified, and the model is not skewed towards a good classification of just one of the
classes. Overall accuracy varying with the sample selectidmoohét depicted in Figure
3.4, where the accuracy for dataset 1 using MLM (81%) is close to the KS algorithm
(83%), which achieves the best accuracy due to the great specificity of this model. RS has
the worst accuracy (79%), indicating that the perforraari¢his method in the test set is
inferior to the other algorithms that had worst fitting; thus, confirming that good fitting is

not necessarily associated with good predictions.
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Table 3.2. Sensitivity and specificity for the test set obtained by RCM varying with
the sample selection method (RS: random selection; KS: KeStang; MLM: Morais
Lima-Martin) applied in datasets @.

Dataset Sample selection method Sensitivity (%) Specificity (%)

1 RS 69 88
KS 69 98
MLM 74 78
2 RS 79 63
KS 79 80
MLM 81 80
3 RS
Class 1 83 87
Class 2 79 89
Class 3 89 100
KS
Class 1 94 97
Class 2 100 92
Class 3 84 100
MLM
Class 1 94 92
Class 2 95 95
Class 3 84 100
4 RS
Class 1 96 100
Class 2 100 100
Class 3 85 98
Class 4 88 95
KS
Class 1 100 100
Class 2 100 100
Class 3 90 98
Class 4 88 97
MLM
Class 1 100 100
Class 2 100 100
Class 3 95 98
Class 4 88 99
5 RS 94 88
KS 94 95
MLM 94 91
6 RS 70 70
KS 72 84
MLM 72 89

99



100

(o)
o
|
|
|
|

Accuracy (%)
iy (@)
o o

N
o

o

1 2 3 4 5 6
ORS @KS EMLM

Figure 3.4. Accuracy in the test set obtained by RCBA varying with the sample
selection method (RS: random selection; KS: Ken&tohe; MLM: MoraisLima-
Martin) applied in datasets @.

Dataset 2 issomposed of 140 spectra of normal (class 1) and 100 spectra of
glioblastoma(class 2) brain tissue sampl&lioblastomais the brain cancer type with
the poorest survival rate (Gajjetral, 2013). Reference methods for detecting these types
of cancer, such as immunohistochemical detection of isocitrate dehydredéngi,
suffers from some limitations, especially their subjective nature (Gajir 2013). The
use of IR spectroscopy has the potential to aid tumour differentiation based on a non
analyst dependent, fast and restructive methodology. In this daet, both tumour
types are differentiated based on their IR spectrochemical signature. fieqessed
IR spectra for dataset 2 are show Figure 3.2bAs before, RS, KS and MLM algorithms
were applied to this dataset separating the data into traniohgest sets. PGBRDA was
applied as a classification methoding 9 PCs (Figure 3.3b), accounting to 99% of
cumulative explained variance. The training performance of this model in dataset 2 is
shown in Table.1, where the RS algorithm presents the b#mg (training and cross
validation accuracy of 85% and 83%, respectively). The other algorithms (KS and MLM)
have the lowest fitting performance with accuracies around 80%. Nevertheless, as before,
the situation is reversed in the test set, wherdkthalgorithm has the worst sensitivity
and specificity values (TabB2). In the test set, the best sensitivity and specificity values
are obtained using MLM, with a slightly superjgerformance than KS algorithm. The
overall model accuracy also is tfor MLM (Figure 3.4), where the accuracy in the
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test set is observed at 81% using MLM, at 79% using KS, ai@%tusing RS. This
confirms MLM to be the method of choice for this dataset.

Dataset 3 consists of spectra derived from SHE cells treatedondttof three
agents: B§JP, class 1; MCA, class 2; or, Anthracene, class 3. Class 1 is composed of
59 IR spectra, and both clasard 3 of 62 spectra. Rpgocessed spectra for this dataset
are shown in Figure 3.2c. PA/OA model was built using 10 PG99% cumulative
explained variance) (Figure 3.3c). The best training performance was found using RS
algorithm, followed by MLM and KS, which had simifitting (Table3.1). KS and MLM
algorithms exhibit similar performance in the test set, with sensitivities and specificities
for class 1 and 2 >90%. For class 3, both algorithms show 100% specificity and 84%
sensitivity. On the other hand, the RS algorithm presents dlgllugtter sensitivity for
class 3 (89%), but lower sensitivity and specificities for the other classes (<90%).
Accuracy in the test set was found to be superior for KS (93%), followed by MLM (91%)
and RS (84%) (Figure 3.4). Similarly to dataset 1, KSahalsghtly better performance
than MLM; however, the figures of merior MLM are more weHbalanced, where
extreme situations in KS (100% sensitivity or specificity) are not found, but more
coherent values between these two metries gensitivity andspecificity values closer
to each other).

Dataset 4 is composed of control and typical viniected blood samples. Class
1 contains 90 IR spectra of control samples; class 2 contains 88 spectra of blood from
patients with Dengue; class 3 contains 66 speaf blood from patients with the Zika
virus; and, class 4 contains 26 spectra of blood from patients with Chikungunya. These
viruses are transmitted by mosquitos of gefdedes having many chemical similarities
(e.g.,Dengue and Zika are from the samaeily, Flaviviridae), in particular in their
surface proteins (Santost al, 2018). Fast clinical diagnosis using reference
methodologies is difficult; however, IR spectroscopy can be used as an alternative tool
for viral infection differentiation (Sanscet al, 2018). Pregprocessed spectra for dataset
4 are shown in Figur8.2d. PCALDA model was built using 6 PCs (FiguB3d),
accounting for97% of cumulative explained variance using RS and MLM sample
selection methods, and 96% using KS sample seteatiethod. RS and MLM exhibit
similar fitting performance, with accuracies >90% in the training set. KS shows a slightly
lower training performance with an accuracy of 90% in the training set (34blén the
test set, MLM algorithm shows the best s@wity and specificity values (Tabld.2),
followed by KS and RS. The overall accuracy in the test set also follovisstiis where
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the MLM algorithm has an accuracy of 98%, followed by KS (96%) and RS (94%)
(Figure 3.4).

Both datasets 5 and 6 are foaginosis of ovarian cancer based respectively on
the Raman and SERS spectra of blood plasma. These techniques have great potential
towards liquid biopsy diagnosis of ovarian cancer in a miniraimgsive, rapid and
objective fashion (Paraskevaidi al, 2018). Both datasets contain 2 classes, where
dataset 5 is divided into 162 Raman spectra for class 1 (healthy controls) and 189 Raman
spectra for class 2 (ovarian cancer); and dataset 6 is divided into 133 SERS spectra for
class 1 (healthy controls) an8BASERS spectra for class 2 (ovarian cancer). These spectra
are shown in Figure3.2e and3.2f, respectively. Model construction was performed with
PCA-LDA using 14 PCs (Figure3.3e and3.3f, respectively), which accounted to 98%
of cumulative variance idataset 5 and 94% of cumulative variance in dataset 6. Training
performance was superior using RS in dataset 5 and MLM in dataset 6 Tapkehile
for prediction of the external test set, the MLM algorithm showed similar classification
performance ircomparison with KS for dataset 5 and the best performance amongst all
three algorithms in dataset 6 (TaBl2 and Figure3.4), where the test accuracy for the
MLM algorithm was equal to 92% in dataset 5 and 82% in dataset 6, in comparison with
94% (dataseb) and 79% (dataset 6) using the KS algorithm, and 91% (dataset 5) and
70% (dataset 6) using the RS algorithm.

Finally, 1000 simulations using a normally distributed randomly data were
performed in order to compare the performance of the RS, KS and &tidvithms in a
more robust way. As depicted in Figudé, the MLM algorithm achieved the best
classification performance in terms of accuracy among all algorithms tested, with an
average accuracy of 67% in the range betweeB238. RS algorithm achievede worst
accuracy values, with an average of 66% and rang@0%Q while KS achieved an
accuracy value similar to MLM (67%), but with a poorer loWwenit, where accuracies
ranged between 582%. In addition, the histogram profiles in Fig8® show that
amongst all 1000 simulations, MLM algorithm achieved the highest frequency peak
(>150 times) above the average accuracy of 67%, while for RS and KS algorithms the

highest frequency peak is below the average accuracy of 67%.
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Figure 3.5. PCA-LDA accuracy distribution and histogram for 1000 simulations using
normally distributed randomly data, where (a) RS, (b) KS, and (c) MLM algorithm.

These findings confirm the hypothesis that our new MLM algorithm based on a
randommutation KS algortim approach presents a better overall performance than using
RS or KS algorithms independently, especially due to thelveddinced sensitivity and
specificity values in the prediction set for r@arld samples. The fact that RS
individually achieved goofltting but a lower predictive performance indicates that this
algorithm might not include a representative variance in the training model. This
reinforces the hypothesis that not necessarily an algorithm with good fitting, as

demonstrated using RS, wilenerate good predictive results towards external samples.
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3.4 Conclusion

Herein, a new data splitting algorithm, called MLM, is proposed. RS, KS and
MLM algorithms were compared for sample selection using sixwedd datasets from
spectrochemical applications (IR spectroscopy for fungi differentiation, IR spectroscopy
for brain cancer tissue analysis, IR spectroscopy to investigatetaggied cells, IR to
identify viral infection, Raman spectroscopy to detect ovarian canceBER8 to detect
ovarian cancer), where their classification performance are evaluated by means of PCA
LDA models. The RS algorithm showed the best training performance, having the best
fitting accuracies. However, when testing external samples, the R$npanice was the
worst amongst the algorithms tested, indicating that RS might not include all sources of
variation within the training set, creating a r@presentative model. The KS algorithm,
on the other hand, provided much better classification rasutemparison with the RS
algorithm, where the accuracy in the test set is much superior. However, unbalanced
sensitivities and specificities were often found in the test set using the KS algorithm,
indicating that one class is far better classified ttren other. The MLM algorithm
combined the good predictive performance of the KS algorithm in terms of accuracy in
the prediction samples, as also demonstrated with normally distributed raroasely
simulations, and has a wddhlanced performance of sénsties and specificities, since
when using this algorithm these values are closer to each other fovardldatasets.
The MLM algorithm might be the best algorithm for sample selection in spectrochemical
applications, since it combines the good sdctepresentativeness in the test set
provided by the KS algorithm, with a small degree of randomness that may be found in

biological applications.
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CHAPTER 4 | A COMPUTATIONAL PROTOCOL FOR
SAMPLE SELECTION IN BIOLOGICAL -DERIVED
INFRARED SPECTROSCOPY DATASETS USING
MORAIS -LIMA -MARTIN (MLM) ALGORITHM

This chapter is published in Nature Protocol Exchange. It consaprstocol
showing the use of the MLM algorithm for sample selection in biospectroscopy datasets:

U Morais CLM, Martin FL, LimaKMG. A computational protocol for sample
selection in biologicatlerived infrared spectroscopy datasets using Mdviais-
Martin (MLM) algorithm Protocol Exchange, 2018
https://doi.org/10.1038/prex.2018.141

Abstract: Infrared (IR) spectroscopy is a powerful analytical technique that can be
applied to investigate a wide range of biological materials (e.g., biofluids, cells, tissues),
where a specific biochemical signature isobtamedlpr esent i ng t he ofi n
the sample being analysed. This chemical information can be used as an input data for
classification models in order to distinguish or predict samples groups based on
computational algorithms. One fundamental spards building such computational
models is sample selection, where a fraction of the samples measured during an
experiment are used for building the classifier, whereas the remaining ones are used for
evaluating the model classification performance. Tristocol shows how sample
selection can be performed in a computational environment (MATLAB) by using a
combination of Euclidiastlistance calculation and random selection, named Morais
Lima-Martin (MLM) algorithm, as a previous step before building cfasgion models

in biologicalderived IR datasets.

Author contribution : C.L.M.M. developed the algorithnperformed the data analysis
and wrote the manuscript
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4.1 Introduction

Infrared (IR) spectroscopy is a vibrational spectroscopy technique that generates
a unigue chemical signature representing most of the molecules present in a material. It
is much used to analyse biological materiBlalgret al, 2014, since it allows building
protocols for analysing tissues, cells and biofluids in adestructive, fast and lowost
fashion Bakeret al, 2014; Martinet al, 2019. Computational methods are used to
maximize processing time and extract relevant information. Chemometric methods are
often applied to build predictive models where the complex spectral data are transformed
to chemicallyrelevant and easip-interpret infomation by means of multivariate
analysis techniques. In classification applications, samples are assigned to groups based
on their IR spectrochemical signature. This includes, for example, differentiation of brain
tumour types Bury et al, 201%), identification of neurodegenerative diseases
(Paraskevaidet al, 201D), cervical cancer screeniniéveset al, 2016, endometrial
and ovarian cancer identificatioRgraskevaidet al, 2018&), identification of prostate
cancer tissue sampleSiueiraet al, 2017, differentiation of endometrial tissue regions
(Theophilouet al, 2018, toxicology screeningquanet al, 2019;Moraiset al, 2018),
and microbiologic studies involving fungi and virus identificati@ogtaet al, 2016;
Moraiset al, 2017; Santost al, 2017.

However, before model construction, a fundamental step is to split the spectral
dataset into at least two subsets: training and test. The training set is used for model
construction and the test set fondl model evaluation. Model optimization is often
performed using cros&lidation, where samples from the training set are used in an
interactive process of model validation. Figdtgéa contains a flowchart illustrating the
fundamental steps for model rgiruction. Usually, sample splitting is performed by
randomselection or Euclidiawlistance using the Kenna&tone (KS) algorithm
(Kennard & Stone, 1969 This protocol provides a computational methodology for
sample splitting based on a combinationhsd Euclidiandistance methodology of KS
with a randommutation factor to optimize sample selection, maximizing classification

rates. This algorithm, named Mordisna-Martin (MLM), is illustrated in Figuret.1b.
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Figure 4.1. A computational methodology feample splitting based on a combination

of the Euclidiardistance methodology of KS with a randonutation factor to optimize
sample selection. (a) Flowchart for IR data processing in classification applications; (b)
illustration of sample selection ugiMLM algorithm.

4.2 Equipment

4.2.1 Requirements forRunning this Protocol

1 MATLAB R2014b (version 8.4) or abovéntfps://www.mathworks.cojn The

algorithm, however, might work in older versiondATLAB,;

1 MLM

algorithm,

available for

https://doi.org/10.6084/m9.figshare.7393517.v1

download

at

1 A classed spectroscopy dataset (a sample dataset is provided together with the

algorithm).

4.22 Preparing Data Files

MLM algorithm only works within MATLAB environment. Data should be

loaded and saved in .mat format. Spectral data must be organized into matrices, where

each spectrum corresponds to a row, and spectral variables are distributed among the
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columns. Figuret.2a illustrates an example of dataset with 2 classes within MATLAB

environment.

CAUTION. IR spectra must be pprocessed before sample selection-proeessing
methodologies for IR spectral data of biological materials can be found elsé®akee
et al, 2019.

4.3 Procedure

Algorithm installation

(1) Download and extract the AMLM. zipo fil
(2) start MATLAB;

(3) navigate within MATLAB to the folder v

(4) within MATLAB, rightclickonthef ol der AMLMO and sel ect AA
Fol ders and Subfol derso.

Selecting the dataset

To execute the example dataset, go to
MATLAB,anddoublec | i ck on the file ODATASET. mat o.
anothe dataset, navigate within MATLAB to th

the dataset of interest), and doubliek on it.
Using MLM algorithm

MLM algorithm was built to divide the spectral cohort into training and test sets.
The training set should contain 70% of the samples, and the test set 30% of the samples.
For this, firstly it is necessary to calculate how many samples must be assighed to
training and test set. For example, in the example dataset depicted inf2gumrdass 1
is divided into 98 samples for training (70%, 0.7 140 = 98) and 42 samples for test (30%,
0.3 140 =42); and class 2 is divided into 70 samples for trainiffg,(@¥ 100 = 70) and
30 samples for test (30%, 0.3 100 = 30).
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a b

Name >> [Trainl,Testl,Group_ 1 1 2 1] = mlm(X1,6Y1l,698,42);
L_x] >> [Train2,Test2,( a = mlm(X2,Y2,70,30);
Lsz > Train=[Trainl;Train2];
HH v >> Test=[Testl;Test2];
L;_ Y2 > Group_Train=[Group_Trainl;Group_Train2];

>> Group_Test=[Group_Testl;Group_Test2];

Description: > |
X1: matrix containing the spectra of class 1
(each spectrum as a row) Description:
X2: matrix containing the spectra of class 2 Train: matrix containing the Training set
(each spectrum as a row) Test: matrix containing the Test set
Y1: vector containing the category of class Group_Train: vector containing the categories for the Training set
1 (i.e., value “1” in each row) Group_Test: vector containing the categories for the Test set
Y2: vector containing the category of class *98 1s the number of training samples and 42 is the number of test samples in class 1;
2 (i.e., value ‘2’ in each row) and 70 is the number of training samples and 30 is the number of test samples in class 2.

Figure 4.2.Using the MLM algorithm (a) Example dataset within MATLAB, containing
140 spectra for class 1 and 100 spectra for class 2; (b) commands for running MLM
algorithm.

After the number of training and test sample for each class is calculated, the
algorithm should be applied by typing the commands depicted in Ff2iein the
MATLAB Command Window. In this figure, the following steps are performed:

Sample splitting foclass 1, where 98 is the number of training samples and 42 is

the number of test samples:
[Trainl,Testl,Group_Trainl,Group_Testl] = mim(X1,Y1,98,42);

(2) Sample splitting for class 2, where 70 is the number of training samples and 30 is the

number of testamples:

[Train2,Test2,Group_Train2,Group_Test2] = mim(X2,Y2,70,30);

(3) Building the Training set by combining the training samples of class 1 and 2:
Train=[Trainl1;Train2];

(4) Building the Test set by combining the test samples of class 1 and 2:
Test=[Testl;Test2];

(5) Building the group category representing the training samples:
Group_Train=[Group_Train1;Group_Train2];

(6) Building the group category representing the test samples:
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Group_Test=[Group_Testl;Group_Test2];

For more than two classes, the m@dare is the same, where the sample splitting
is performed for each class separately. The ranchutation factor is set as 10%
(default).

CAUTION. The number of training and test samples for each class must be an integer
value. In the case of 70% and 30%ngrate numbers with decimal places, they must be
rounded to the closest integer value (e.g., 25.7 to 26; 14.2 to 14; 70.9 to 71, etc).

4.4 Timing

Time is dependent on the computer setup, number of spectra, and number of
variables (wavenumbers) in the dataset. Time of analysis of each dataset was practically
instantaneous (<1 second) using the follow computational settings: Intel® CoreTM i7
(2.80 GH3 processor with 16.0 GB of RAM memory.

4.5 Troubleshooting

If MLM algorithm does not work: verify that the MLM folder containing the
MATLAB routines was added to the MATLAB path. Also, verify if the input numbers of
samples (i.e., number of training gales + number of test samples) are equal to the total

number of samples.

If you cannot load the sample dataset: verify that your current working directory
within MATLAB is the folder containing the

4.6 Anticipated Results

The sample dataset used in this protocol is composed of 140 spectra representing
control brain tissue samples (class 1) and 100 spectra representing cancer (glioblastoma)
brain tissue samples (class 2) (FigdiZa). Further details about this datasetlmafound
in Gajjaret al. (2013). Samples were divided into training (70%) and test (30%) sets as
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depicted in Figurd.2b. Two classification algorithms were applied: principal component
analysis linear discriminant analysis (PCRA) (Morais & Lima, 201§ and partial least
squares discriminant analysis (RD®\) (Brereton & Lloyd, 20131 PCALDA was
applied using 9 principal components (99% cumulative explained variance) with cross
validation venetian blinds (10 data splits). Similarly, HD& was performedising 9
latent variables (98% cumulative explained variance) with erabdation venetian
blinds (10 data splits). Models were built using the Classification Toolbox for MATLAB
(http://www.michem.unimib.i}/ (Ballabio & Consonni, 20)3and the PLS Toolbox
version 7.9.3 (Eigenvector Research, Inc., US). Data were-nzgaeared before analysis.

The classification performance of these algorithms in the training and test sets are shown
in Table4.1. In both PCALDA and PLSDA, the accuracy values of the training and test
sets are similar, indicating absence of overfitting. Also, MLM algorithm provided well
balanced sensitivities and specificities, indicating that the classification methods have
similar predictive prformance in both classes (control and cancer).

PLS DA model achieved the best classification performance, with an accuracy of
94% in the test set. Figude3b shows the discriminant function (DF) graph of ROBA,
where some superposition between cdranol cancer samples are observed. On the other
hand, the DF graph for PLBA (Figure4.3c), shows a clear separation between the two
group of samples, with only a few cancer samples misclassified as control. The receiver
operating characteristic (ROC) werfor PLSDA shows the great performance of this
algorithm towards differentiation of control and cancer brain tissue, where an area under
the curve (AUC) value of 0.971 is obtained (Figdred). Glioblastomais the type of
brain cancer with the poorest survival rate, particularly due to its poor progaodigs
clinical diagnosis is much dependent on subjective anddonsuming analysis3ajjar
et al, 2013). New clinical methodologies for tumour detectiare needed in order to
overcome these limitations; and IR spectroscopy, due to itslestnuctive nature, fast
data acquisition and processing, and relativedost might aid this type of diagnosis in
the future. This protocol demonstrates the usdgample selection, by means of MLM
algorithm, for building classification models with good predictive performance in IR

spectral datasets of biologiedérived applications.
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Figure 4.3. The sample dataset used in this protocol. (a)pRveessed spectra (in blue:
control samples; in red: cancer samples); (b) discriminant function (DF) graph
representing the canonical variables of PKO2A (circles: training samples; diamonds:
test samplés (c) discriminant function (DF) graph showing the predicted values of PLS
DA (circles: training samples; diamonds: test samples); (d) Receiver operating
characteristic (ROC) curve for PLIA, where AUC stands for area under the curve.

Table 4.1. Classification performance of PGIADA and PLSDA algorithms applied to

the sample dataset.

Algorithm Subset Accuracy (%) Sensitivity (%) Specificity (%)
PCA-LDA Training 82 83 80

Cross 77 82 71

validation

Test 81 81 80
PLSDA Training 98 99 97

Cross 96 97 96

validation

Test 94 98 90
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CHAPTER 5 | DETERMINATION OF MENINGIOMA
BRAIN TUMOUR GRADES USING RAMAN
MICROSPECTROSCOPY IMAGING

This chapter is published in Analyst (IF 4.019). It demonsitateuse of Raman
microspectroscopy imaging to discriminate meningioma brain tumour grades based on
chemometric techniques:

0 Morais CLM, Lilo T, Ashton KM, Davis C, Dawson TP, GurusingteMartin
FL. Determination of meningioma brain tumour grades using Raman
microspectroscopy imaging Analyst 2019 144: 70247031.
https://doi.org/10.1039/C9ANO1551E

Abstract: Raman spectroscopy is awperful technique used to analyse biological
materials, where spectral markers such as proteins (1300 cm?), carbohydrates

(470 1200 cm?) and phosphate groups of DNA (980, 108240 cm?) can be detected

in a complex biological medium. Herein, Ramaicnmspectroscopy imaging was used to
investigate 90 brain tissue samples in order to differentiate meningioma Grade | and
Grade Il samples, which are the commonest types of brain tumour. Several classification
algorithms using feature extraction and setectnethods were tested, in which the best
classification performances were achieved by principal component argisatic
discriminant analysis (PG®DA) and successive projections algoritigoadratic
discriminant analysis (SR®DA), resulting in accawacies of 96.2%, sensitivities of
85.7% and specificities of 100% using both methods. A biochemical profiling in terms of
spectral markers was investigated using the differbet@eenmean (DBM) spectrum,

PCA loadings, SPAQDA selected wavenumbers, anck ttecovered imaging profiles
after multivariate curve resolution alternating least squares @ICEH), where the
following wavenumbers were found to be associated with class differentiation: 850 cm
(amino acids or polysaccharides), 1130 tfphospholipidstructural changes), the region
between 12301360 cm?! (Amide Il and CH deformation), 1450 ch (CH. bending),

and 1858 cit (C=0O stretching). These findings highlight the potential of Raman
microspectroscopy imaging for determination of meningioma tumour grades.

Author contribution : C.L.M.M. performed th@xperimentsgata analysis and wrote the
manuscript
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5.1 Introduction

Raman spectroscopy provides sensitive spectrochemical signatures of materials
based on their molecul@olarisability changes (Kellgt al, 2011). Raman is based on
an inelastic scattering phenomenon that occurs in less than 1% of the absorbed photons
by a molecule. This inelastic scattering is composed of Stokes arttakuis scattering:
the former occurs when the molecule emits a phuiitim less energy than the absorbed
incoming radiation, and the latter happens when the molecule emits a photon with higher
energy than the absorbed incoming radiation (Saettat, 2017). At room temperature,
the Stokes scattering is more frequent, tmast instruments filter the elastic and anti

Stokes scattering and record the Stokes scattering signal as the final Raman spectrum.

Microspectroscopy Raman imaging allows one to obtain microscopically spatially
distributed spectral data, where each pasiiio the image is composed of a Raman
spectrum in a specific wavenumber range. The hyperspectral image data are represented
by threedimensional (3D) arrays, where the spatial coordinates are presenkiratite
y-axis while the spectral information is ithe z-axis. A major advantage of Raman
imaging is that it can be nedtestructive depending on the incident laser frequency, has
minimum water interference, and has a relatively low cost in comparison with other

analytical techniques.

Raman imaging has be used in a wide range of applications, including
pharmaceutical analys{&andpalet al, 2018) forensic investigationfAlmeidaet al,
2017) food quality controlYaseenet al, 2017) and to analyse biological materials
(Butleret al, 2016) In thelatter, cancer detection plays an important role, where Raman
imaging has been successfully applied to investigate b(éasamczyk & Brozek
Pluska, 2013)cervical(Diem et al, 2013) lung (Diem et al, 2013) skin (Lui et al,
2012) cancer(Kirschetal., 2010) andovariancancer(Moraiset al, 201%).

Most of brain cancers are gliomas or meningioma tum(bagar et al, 2013)
Gliomas are more aggressive types of tumours and have been widely investigated using
Raman spectroscopBury et al, 2019b; Desrochest al, 2018; Gajjaret al, 2013;
Livermoreet al, 2019), while meningiomas remain to be intensively investigated using
vibrational spectroscopy. Meningiomas represent 20% to 35% of all primary intracranial
tumours(Takahashet al, 2019) The majority of them occur in a supratentorial location;

however, a few of them can arise in the posterior cranial fossa and, more rarely, as
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extracranial meningiomaglakahashiet al, 2019).It usually manifests as single or
sporadic lesionsgcausing symptoms such as sensory and motor deficits and gait
disturbance; while multiple meningiomas are often associated with neurofibromatosis
type Il (Yeoet al, 2019) Meningiomas can be divided into WHO Grade |, Grade Il and
Grade Ill. Grade | meningmas are the commonest type of tumours, with slower growth
and lower likelihood of recurrence; Grade Il meningiomas also have a slower growth but
higher likelihood of recurrence; and Grade Il meningiomas are a very rare type of tumour
with fast growing ate and much higher likelihood of recurrence. Surgical outcomes and
treatment are dependent on the meningioma grade and histological s¥gpesal,

2019)

In this thesis Raman microspectroscopy imaging is applied to distinguish Grade
| and Grade limeningiomasvia the application of several chemometric approaches,
including combination of feature extraction and selection methods with discriminant
analysis techniques, and multivariate curve resolution alternating least squares (MCR

ALS) for profiling and differentiation of Grade | and Grade Il tumour tissues.

5.2 Materials andM ethods
5.2.1 Samples

Ninety brain tissue samples (66 meningiomas WHO Grade |, 24 meningiomas
WHO Grade II) were analysed by a Renishaw InVia Basis Raman spectrometer coupled
to a confocal microscope (Renishaw plc, UK). All samples were sourced from the Brain
Tumour North West(BTNW) biobank (NRES14/EE/1270). All experiments were
performed in accordance with the STEMH (Science, Technology, Engineering, Medicine
and Health) Guidelines at the University of Central Lancashire, and approved by the
ethics committee at the Universigf Central Lancashire (STEMH 917). Informed
consents were obtained from human participants of this study. Forimalthparaffin
embedded (FFPE) tissue specimensg1@thick) were placed onto aluminiugovered
glass slides for spectroscopy measuremeidrddpectroscopy imaging was performed
with an acquisition area of approx. 100
laser power (150 mW), 0.1 s exposure time,i28%8 cm' spectral range) using the

StreamHRM imaging technique (higlonfocality node) with a grid area of 42 x 28
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pixels, resulting in 1176 spectra for each image ( data spacing). The laser power
was set relatively high to ensure a good sigaaloise ratio. To minimize any potential
photodamage to the sample, the laser expdsueewas set to only 0.1 s. Moreover, no
damage was visually observed in the samples after measurement. The imaging acquisition

time was approx. 8 min for each sample.

5.22 Computational Analysis

The Raman images were converted into suitable .txt files using the Renishaw
WIRE software, and processed using MATLAB R2014b (MathWorks, Inc., USA) with
labmade routines. Al l t -precessed by xdsmis rays (spikasy e s
removal, SavitzkyGolay smoothing (window of 15 points“@rder polynomial fitting),
and asymmetric least squares baseline correction. The window size in the SGalkaiky
smoothing was determined visually by testing different window sizes, where the smallest
window siz that removed random noise and kept the same spectral shape and intensity
without smoothingput relevant spectral peaks was chosen. M was applied to the
image data using the HYPERbols toolbox in MATLAB (Mobaraki & Amigo, 2018)

First-order classifcation. Each preprocessed image with size 42 x 28 x 1015 was
averaged into a single spectrum (1 x 1015) as the classification was performed on a
sample basis. Initially, an outlier detection test was performed by a HotetlirsgsisQ
residuals tes(Morais et al, 2019c) The remaining samples after outlier removal were
split into training (60%), validation (20%) and test (20%) sets using the MLM sample
selection algorithm(Morais et al, 2018a; Moraiset al, 2019d) All data were maa

centred before further analysis.

For feature extraction and classification, principal component analysis combined
with linear discriminant analysis (PCI2DA), quadratic discriminant analysis (PEA
QDA) and support vector machines (PSAM) were appliedd the preprocessed data.

PCA reduces the pierocessed spectral variables to a small number of principal
components (PCs) responsible for the majority of the originalelaiained variance.

Each PC is orthogonal to each other and is generated in asiagrerder of explained
variance, where the first PC explains most of the data variance, followed by the second
PC, and so on. The PCs are composed of scores and loadings, the scores representing the

variance on the sample direction, thus being used &mtifg similarities and
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dissimilarities between the samples; and, the loadings represent the variance on the
wavenumber direction, being used to identify possible spectral markers associated with
class differentiatior{Bro & Smilde, 2014) PCA decompositio takes the forniBro &

Smilde, 2014)

n RABE A (5.1)

wheren is a matrix containing the meaentred preprocessed spectral dafpis a matrix
containing the PCA scores for a determined number of B3sa matrix containing the

PCA loadings for a determined number of PBis; a residual matrix; and the superscript

N represents the matrix transpose operation.

In PCALDA, PCA-QDA and PCASVM, a PCA model is applied to the pre
processed data and then a LDA, QDA or SVM classifier is applied to the PCA scores,
respectively. LDA and QDA are discriminant analysis methods based on a Mahalanobis
distance calculation. LDA assumes cladsaging similar variance structures, therefore
using a pooled covariance matrix to calculate the classification score for each class, while
QDA assumes classes having different variance structures, therefore using the variance
covariance matrix for each ela individually when calculating the classification score
(Dixon & Brereton, 2009; Morais & Lima, 2018Fhe LDA €. ¥ and QDA (r
classification scores can be calculated in a-Bapesian form byDixon & Brereton,

2009; Morais & Lima, 2018)

Jg 0 Oog"Ar1iGm og (52)
Fg O og'ng o og (5.3)

whereo::is a vector containing the input classification variabkeg,(PCA scores) for

sample; c')g is the mean vector of input classification variables for 71 7igthe
pooled covariance matrix; aril is the varianceovariance matrix of clag: A 1 7 v v+
and’Ag are calculated as follow®lorais & Lima, 2018)

ATiiwpBg g (54)

g —BBo og o ogh (5.5

'
in which = is the total number of samples in the training dets the total number of

classes; anélgis the number of samples in c

SVM is a binary linear classifier with a ndinear step called the kernel

transformation(Cortes & Vapnik, 1995)A kernel function transforms the input data
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space into a feature space by a applying a mathematical transformation which is often
nontlinear. Then, a linear decision boundary is fit between the closest samples to the
border of each class (called support vegtomwhere each class is defined. SVM
classification is performed as follofSortes & Vapnik, 1995; Moraist al, 2017)

Be 17 + (5.6)

whereo. andd:are vectors containing sample measurement veaays PCA scores);

4 § 4is the number of support vectors;is the Lagrange multiplier for sampigs - is the

~,.

class membership of samplg+1);  0.fd= is the kernel function; ang} is the bias

parameter.
SVM was performed using a radial basis function (RBF) kernel, which is defined
by (Moraiset al, 2017)

(5.7)

wheresis the kernel parameter that determines the RBF w@fthssvalidation venetian

blinds with 10 data splits was performed to optimise the bias and kernel parameter.
Some feature selection techniques were used to analyse the image spectral data.

Successig projections algorithm (SPA$oarest al, 2013)and genetic algorithm (GA)

(McCall, 2005)were used coupled with LDA, QDA and SVM. SPA is a forward feature

selection method which operates by minimising théreearity of originalpre-processed

spectra; thus, selecting wavenumbers whose information content is minimally redundant

(Theophilouet al, 2018) GA is an iterative algorithm inspired by Mendelian genetics,

where the prgrocessed spectral data is reduced to a set of sklgaieenumbers based

on an evolutionary procef§lcCall, 2005) For this, a set of variables is randomly chosen

to go through combinations, cressers and mutations until the best set of variables

reaches the minimum of a pdefined cost functiofMcCall, 2005; Santost al, 2017)

The optimum number of variables for SPA and GA is obtained by minimizing the average

risk 1 of misclassification in the validation s@theophilouet al, 2018; Siqueirat al,

2017)

dl
LA (58)

whered! + 1S the number of samples in the validation setlands defined by:

(5.9)
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where» 0.f0 L. is the squared Mahalanobis distance between sabopté class
L« and the centre of its true classl (. ); and » 6.0 ., is the squared

Mahalanobis distance between objéctand the centre of the closest incorrect class
(O .5 ). The GA routine was carried out using 100 generations containing 200
chromosomes each. Cresger and mutation probabilities were set to 60% and 1%,
respectively. The algorithm was repeated three times, starting from different random

initial populations, anthe best solution in terms of fithess value was employed.

MCR-ALS. Multivariate curve resolution alternating least squares (MCS) assumes

a bilinear model that is the multtavelength extension of the Bdera mber t 6 s | aw
decomposes an experimentaltaA into concentration and spectral profiles as follows
(Jaumotet al, 2015)

A A A (5.10)

where’Ais a matrix containing the concentration profiles for a determined number of pure
components ifA; 1] is a matrix containing the spectral profiles for the pure components

in A; and'Ais a residual matrix.

MCR-ALS can remove noise and physical/chemic#kerferences from the
spectral matrixA, and allow one to recover the pure concentration and spectral profiles
of the components that make the spectral mariMCR-ALS is very useful to handle
image data since it allows the reconstruction of imagesniegsed on the recovered
concentration profiles, where one can identify spatial and chemical differences between

the samples being imagé@@ratsMontalbanet al, 2011)

Model validation. The models were validated by calculating some qupkirameters

such as accuracy, sensitivity, specificity, andcbre. Accuracy represents the total
number of samples correctly classified considering true and false negatives; sensitivity
represents the proportion of positives that are correctly classsfiedificity represents

the proportion of negatives that are correctly classified; aisdpFe measures the model
performance considering imbalanced d@orais & Lima, 2017) The equations to
calculate these parameters are depicted in Eablén addiion, the area under the curve
(AUC) of the receiver operating characteristic (ROC) curve was evaluated to assess
model quality. AUC values between 0.7 and 0.8 are considered acceptable, between 0.8
and 0.9 are considered excellent, and above 0.9 aralecegioutstandinfMandrekar,

2010)
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Table 5.1. Quality parameters for model validation. Where: TP stands for true positive,
TN for true negative, FP for false positive, and FN for false negative.

Parameter Equation
Accuracy (%) N"EN'E
F]"Eé"En ‘E ¢E
Sensitivity (%) n"E
N "E ¢ 'E
Specificity (%) N "E
NEEE .
F-score nHE T TR THHD
nUHE T TR THIHD THI

5.3 Results andDiscussion

Ninety brain tissue samples (66 meningiomas Grade |, 24 meningiomas Grade II)
were analysed by Raman microspectroscopy imaging. The median microscopic and
Raman image for meningiomas Grade | and Grade Il are depicted in Bdiads (the
colourfigures represent the mean response (average Raman intensity betwed5880
cmh) of the median image for each group). Notably, each image presents different visual
features due to the different distributions of chemicals on the sample surface, but their
spectrochemical profile are very similar as shown in Fi§ure andb.1f, indicating that

chemical differences between meningiomas Grade | and Grade Il are not visually clear.

The preprocessed spectra from the images acquired in the spectral rangerbetwe
780 1858 cm' (Figure5.1f) were used for further analysis. This spectral region includes
the Raman fingerprint region, hence, encompassing spectrochemical signals of the main
biomolecules present in the tissue samgiedly et al, 2011) The assignm& of the
main peaks of the prgrocessed Raman spectrum is depicted in FigafeThese include
C-C stretching §(C-C).] in amino acids or polysaccharides at 850'¢i@-C stretching
[3(C-C)7] in proteins at 890 crh C-C stretching3(C-C)s] in amino a&ids at 930 cm, C-
C stretching §(C-C)4] in phenylalanine at 1003 chmphospholipid structural changes at
1130 cmt, Amide Il peak at 1265 cr) CH, bending [i(CHy)1] in lipids at 1296 crm,
CHs/CH. deformation modes in DNA/RNA at 1336 &mCH, bending {i(CHz)2] in
malignant tissues at 1450 &mNH. bending {i(NH2)] in cytosine at 1610 crh and
Amide | absorption at 1665 ch{Movasaghiet al, 2007. Some of these peaks are

discriminant featurebetween the samples and some of them are common amongst the
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tumour types. The identification of relevant distinguishing spectral features between

Grade | and Grade Il samples are achieved by chemometric techniques.
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I meningioma tissue; (b) microscopic image of Grade Il meningioma tissue; (c) median
raw image for meningioma Grade | samples; (d) median raw image for meningioma

Grade Il samples; (e) median rawespra for meningiomas Grade | and Grade II; (f)
median preprocessed spectra (Savitz@play smoothing and asymmetric least squares

baseline correction) for meningiomas with a tentative assignment of the main Raman

peaks. Grade | and Grade Il. Colour bara ma n

bending.

Initially, outlier detection was performed by a Hotellimgvrsus Q residuals test,

i ntensity.

3 .

Str e

where 4 samples (2 meningiomas Grade |, 2 meningiomas Grade II) were removed (see

Appendix BFigureB1). Firstorder algorithms were used to analyse thepgproeessed

spectral data after outlier removal.
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Featureextraction and classification by means of ROBA, PCA-QDA and
PCA-SVM; and feature selection and classification by means oflIPA SPA-QDA,

SPASVM, GA-LDA, GA-QDA and GASVM, were applied to distinguish meningiomas
Grades | and Il on sample basis. Argenhthe PCAbased algorithms (using 8 PCs,
98.94% explained variance, see ESI FigureAS2pendi xVy ) ,
obtained with PCAQDA (96.2% accuracy, 85.7% sensitivity, 100% specificity, and F
score = 92.3%). Also, SPRADA was the best algdhm amongst SPAased methods,

with the same performance of PE&IDA. GA-based methods showed overall poorer
performance, where the best algorithm (@PA) achieved 73.1% accuracy but 0%
sensitivity, indicating that GAvased models are most likely overfitteMore details

t he

best

about the predictive performance of each of these algorithms are provided ifb2able

The ROC curve for PCADA and SPAQDA models are shown in Figube2,

where the AUC value was found at 0.929 indicating an outstanding classification

performance for both algorithms.

Table 5.2. Quality parameter for distinguishing Grade | and Grade Il meningiomas in the

test set.

Algorithm  Accuracy Sensitivity Specificity F-score
PCA-LDA 46.2% 85.7% 31.6% 46.2%
PCA-QDA 96.2% 85.7% 100% 92.3%
PCA-SVM 61.6% 28.6% 73.7% 41.2%
SPALDA 57.7% 100% 42.1% 49.3%
SPAQDA 96.2% 85.7% 100% 92.3%
SPASVM 34.6% 71.4% 21.1% 32.5%
GA-LDA 61.5% 57.1% 63.2% 60.0%
GA-QDA 73.1% 0% 100% 0%

GA-SVM 42.3% 42.9% 42.1% 42 .5%

QDA-based algorithms exhibsuperior performance in comparison with LDA

and SVMbased methods. Usually, for complex biological data, QDA outperforms LDA

since QDAbased algorithms model each class variance individually, while LDA assumes

classes having similar variance structud®rais & Lima, 2018) This occurs because
the performance of QDA ultimately depends on the variance structure of the data. QDA
is expected to work better than LDA for most biological applications, since quite

commonly biological samples are composed of demnphemical matrices with different

vari ances

structures

for

each

c |

ass.

For

variance distribution than healthy control samples, since the latter can be composed of

individuals with different life habits, whel patients with a same specific disease usually
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have a similar lifestyle. The same can occur with different tumour grades, where one
class can assume a different variance distribution in comparison with the other. The only
situation where QDA underperfoeDA is when the number of samples in the dataset

is small(Wu et al, 1996) since the variance of each group might not be totally covered
by QDA hence increasing the degree of extrapolation needed and commonly leading the

model to overfitting.

SVM-basedmodels seem to be highly overfitted, since the training performance
for these algorithms are excellent (see ESI TabJ&ASi p e n),dvithxégar 100% correct
classification rates; however, test performance is highly affected as demonstrated in Table
5.2. SYM classification performance would probably improve by adding more samples
to the training set, thus creating a most representative training model. Nevertheless, PCA
QDA and SPAQDA performance are both excellent in the test set, indicating that these

algorithms are robust to provide a satisfactory prediction towards external samples.

] AUC = 0.929
0.8
=086
=
:'O_—r;
)
[5F]
“ 0.4
0.2}
0
0 0.2 0.4 0.6 0.8 1
1 - Specificity

Figure 5.2. Receiver operating characteristic (ROC) curve for R@I2A and SPA
QDA. AUC: area under the curve.

The differencebetweenmean (DBM) spectrum, PCA loadings on PC1 (56.64%
explained variance), and SF@DA selected variables are shown in Figbi® The PCA
loadings indicate higher coefficients at ~850%¢m1003 crmf, ~1130 crmf, ~1337 cr,
~1450 cmt, ~1665 cmt, and ~1858 cift and the SPAQDA selected variables are: ~850
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cml, ~1130 crit, ~1245 crml, ~1337 crit, ~1450 crif, and ~1858 crh Only the variable

at 1245 crrt selected by SPADA does not have a high PCA loadings, while the other
variables selected by SP@DA are very close or are a perfect match with the ones
observed in PCAQDA. The list of PCA and SPQDA selected variables and tentative
assignment accordirig Movasaghet al.(2007)are shown in Tablg.3. The Raman shift

at 1858 crrtis unknown based on this reference, but this wavenumber has been associated
to C=0 stretching in other literatugayo et al, 2003) The peak at around 850 ¢ihas

been preiously detected in meningioma samples as belonging to tyr(idieletaet al,

2018) aamindJacid that constitute important structures in proteins responsible for
signal transduction processéiato et al, 1993) and the peaks at 1003 €m
(phenylalaime) and 1450 crh (CH. bending in DNA) have also been reported as
biomarkers of meningioma tumoyidehtaet al, 2018;Zhouet al, 2012. Phospholipids
(1130 cmb), Amide 11l (1245 cm') and Amide | (1665 cm have been reported for brain
tumours in generdGajjaret al, 2013;Zhouet al, 2012)

c. NGO Amide Il 1(CH)
amino acids/ Phospholipid Amide 111 CHwagging
201~ polysaccharides structural
changes

1 L 1 1 1
800 900 1000 1100 1200 1300 1400 1500 1600 1700 1800

Raman shift (cm'1)

10 1 1 1 1 1 1

Figure 5.3. PCA loadings and SRA®DA selected variables. (a) Differenbetween
mean (DBM) spectrum (+ values: higher intensity in meningioma Grade | samples;
values: higher intensity in memgioma Grade Il samples); (b) PCA loadings on PC1; (c)
average training set spectrum and SBBA selected variables (red circles) with their

tentative assignment. 3: stretching vibrat
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Table 5.3. Tentative assignment of PCA and SEY®A selected variables to distinguish

meningiomas Grade | and Grade Il. DBM: differethhedtweerme an spectrum, w
represents higher intensity i n meningi oma
intensity in memgioma Grade Il samples.

Peak Algorithm Assignment DBM

850 cm* PCA/SPAQDA Amino acids or polysaccharides y

1003 cm* PCA C-C in phenylalanine y

1130 cm  PCA/SPAQDA Phospholipid structural changes Z

1245 cm*  SPAQDA Amide Il y

1337 cmt  PCA/SPAQDA Amide Il and CH wagging vibrations y

1450 c PCA/SPAQDA CHzbending y

1665cm' PCA Amide | y

1858 cmt  PCA/SPAQDA C=0 stretching y

MCR-ALS was employed to resolve the median Grade | and Grade Il meningioma
images in order to identify spectrochemical changes associated with tumour
aggressiveness. MCRLS was performed with 4 components selected by singular value
decomposition (99.99% xplained variance, 0.21 lack of fit, nemegativity in
concentration mode). The recovered concentration and spectral profiles of the 4
components are depicted in the ESI Figuré S8p p e nThé Bcpmponent of MCR
ALS was found to be associated withe@e 1l appearance (Figuseta), once it is clearly
present in the Grade |l tissue sample. The spectral profile ofttbemponent (Sopt 1)
indicates distinguishing features at the region between 123bacgh 1360 cm in
comparison with the spectral gfiles for other components (see ESI Figure S3
A p p e n),dvhexeithree peaks (1265 ¢ni296 cm' and 1336 cm) are presents. These
peaks are associated with Amide IlIl, &d€formation in lipids, and CHCHz twisting in
polynucleotide chains, respectivglylovasaghiet al, 2007) This region encompasses
the wavenumber at 1337 cngamide Il and CHwagging vibrations) in Tabl&.3.
Similarly to Figures.1f, the peaks at 850 c¢hj3(C-C)., amino acids or pgbaccharides],

890 cm! [3(C-C),, proteins], 930 cr [3(C-C)s, amino acids], 1003 cm[3(C-C)a,
phenylalanine], 1130 ci(phospholipids), 1265 ci(Amide 11I), 1296 cmt[ U (2)g H
lipids], 1336 cmt [li(CH3s/CH,), DNA/RNA], 1450 cm[ U ( 2)2, hhalignant tissue], and
1665 cm! (Amide 1) are also present. In addition, other peaks at 1060[cm (2P O
DNA/RNA], 1100 cm! [ 3 {C) lipids], and a small arm at 1459 ¢nj U (205 H
deoxyribose]((Movasaghiet al, 2007)are observed as distinguishing features in the
MCR-ALS Sopt 1 profile.

Bury et al. (201<) have recently used Raman spectroscopy to discriminate
meningioma Grade | brain tissue among different brain pathologiesg(iasde glioma,
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high-grade glioma, metassis, lymphoma, and Aromour) with 94.8% accuracy, 63.9%
sensitivity and 97.1% specificity using PA®A with smearbased samples; and,
meningioma Grade | brain tissue among-grade glioma, higlyrade glioma, metastasis

and lymphoma with 90.8% accura®,.7% sensitivity and 90.8% specificity using RCA

LDA with FFPE samples. Mehtt al.(2018)have recently used Raman spectroscopy to
discriminate healthy controls and meningioma patients based on serum usiidRCA
Seventy patients (35 controls, 35 nmgiomas) were analysed, resulting in 70% accuracy

to distinguish meningiomas versus controls in an independent test set; 72% accuracy to
distinguish meningiomas Grade | versus controls; and 80% accuracy to distinguish
meningiomas Grade Il versus control$ie results reported herein (96.2% accuracy,
85.7% sensitivity, 100% specificity) are very promising to distinguish meningioma tissue
grades, which is critical to delineate patient treatment; and also evidences the potential of

Raman spectroscopy to intviggite brain tumour tissues.

290.58
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193.72

161.43

129.15
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64.57
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Raman shift (cm'1)

Figure 5.4.MCR-ALS results. (a) Recovered image using the MAIES concentration
profile for the 1st component; (b) MGRLS spectral profile for the 1st component with
its tentative spectral markers assignment. Colour blative concentration.
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5.4 Conclusion

Ninety meningioma brain tissue samples (66 meningiomas Grade |, 24
meningiomas Grade IlI) were investigated using Raman microscpectroscopy imaging.
Several chemometric algorithms were applied to distinguish the samples according to the
tumour grade, whereFA-QDA and SPAQDA were found to have to best classification
performance at 96.2% accuracy, 85.7% sensitivity and 100% specificity (AUC = 0.929).
Spectral biemarkers at 850 crh 1130 cm', 1337 cmt, 1450 cmtt and 1858 cm were
found in common using bletPCA-QDA and SPAQDA, and a further analysis using
MCR-ALS indicated distinguishing features at the region betweeni1380 cm'
associated with increases in the WHO meningioma tumour grade. The classification
results found by PCADA and SPAQDA are vey promising, and show the potential
of Raman microspectroscopy to distinguish meningioma tissue grades, thus aiding

clinicians to delineate patient treatment.
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CHAPTER 6 | A THREE-DIMENSIONAL PRINCIPAL
COMPONENT ANALYSIS APPROACH FOR
EXPLORATORY ANALYSIS OF HYPERSPECTRAL
DATA: IDENTIFICATION OF OVARIAN CANCER
SAMPLES BASED ON RAMAN MICROSPECTROSCOPY
IMAGING OF BLOOD PLASMA

This chapter is published in Analyst (IF 4.019). It demonstrates a new method
(3D-PCA) for exploratory analysid tiyperspectral images:

U Morais CLM, MartinHirsch PL, Martin FL.A threedimensional principal
component analysis approach for exploratory analysis of hyperspectral data:
identification of ovarian cancer samples based on Raman microspectroscopy
imaging of blood plasma Analyst 2019 144: 231223109.
https://doi.org/10.1039/C8AN02031K

Abstract: Hyperspectral imaging is a powerful tool to obtain both chemical and spatial
information of biological systems. However, few algorithms are capable of working with
full threedimensional images, in which reshaping or averaging procedures are often
performed to reduce the data complexity. Herein, we propose a new algorithm of three
dimensional principal component analysis {BBA) for exploratory analysis of
complete 3D spectrocheaal images obtained through Raman microspectroscopy. Blood
plasma samples of ten patients (5 healthy controls, 5 diagnosed with ovarian cancer) were
analysed by acquiring hyperspectral imaging in the fingerprint reBis8Q 1858 cm?).
Results show thatl3-PCA can clearly differentiate both groups based on its scores plot,
where higher loadings coefficients were observed in amino acids, lipids and DNA
regions. 3BPCA is a new methodology for exploratory analysis of hyperspectral
imaging, providing fast imdrmation for class differentiation.

Author contribution : C.L.M.M. developed the algorithnperformed theexperiments,
data analysis and wrote the manuscript
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6.1 Introduction

In spectrochemical imaging, a spectrum is generated for each pixel in the original
image, where both spatial and chemical information are considered. The data are
represeted by threedimensional (3D) arrays for each sample measured, where the spatial
coordinates are present in tlke and y-coordinates and the wavenumbers in the
coordinate. Thus, each wavenumber response (a 2D image) is stacked up one above the
other in amanner similar to paper sheets in a book in order to form a 3D ¢Bject

Mufiozetal,2011) i nformally called a fAdata cubeo.

There are many types of instrumental techniques that generate 3D
spectrochemical imaging€., multispectral or hyperspectral imaging)g, nearinfrared
(NIR), infrared (IR), Raman and mass spectrometry (AByamczyk & BrozekPluska,
2013; Aguayoet al, 1986; Buchberger 2018;lilker-Kaya & Huck, 2017) Several
matrices have been analysedusyng spectrochemical imagingg, food (Amigo et al,
2013; Pierna JAFet al, 2012) soil (Eylenboschet al, 2017) atmospheric particulate
matter (Ofner et al, 2015) and tissueqOImos et al, 2017) Many chemometric
techniques can be used for aisathg this type of data, such as principal component
analysis (PCA), partial least squares (PLS), multivariate curve resolution (MCR), among
others (Amigo et al, 2015; Mobaraki & Amigo, 2018)however, in many cases,
reshaping, averaging procedures, aathadompression are performed in order to reduce
dimensionally(Amigo et al, 2015; Morais & Lima, 2017)Recently, some adaptations
of first-order algorithms used for classical spectroscopy data, such as linear discriminant
analysis (LDA) and PCA, were qduced for 2D data obtaineda excitatioremission
matrix (EEM) fluorescence spectroscofola Silvaet al, 2016; Morais & Lima, 2017)
These algorithms, named AIDA and 2D-PCA, are found to have excellent performance
using 2D data without using previodsnensional reduction techniquéta Silvaet al,
2016; Morais & Lima, 2017)hence its usage could be extended for chemical imaging.

One of the imaging techniques that has found increasingly applications is Raman
microspectroscopyButler et al, 2016; Zhanget al, 2010) Raman imaging has been
used in a wide range of applications, including investigation of drug delsystgms
(Smith et al, 2015) pharmaceutical analys{§ian et al, 2011) food quality control
(Yaseeret al, 2017) and analysis of biological materigButleret al, 2016; Lohumet

al., 2017) For instance, in cancer detection, Raman imaging hasapgdied to diagnose
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breast{Abramczyk & BrozekPluska, 2013)skin(Lui et al, 2012) cervical(Diemet al,
2013) lung (Diem et al, 2013) and brain cancerfirsch et al, 2010) A major
advantage is that the use of Raman imaging provides both adlearid structural

information of the sample being analysed with minimum water interference.

Ovarian cancer affects some 7,300 women in the UK alone per year and results in
around 4,100 deaths per y€Baraskevaidet al, 2018d) For standard ovarian czer
diagnosis, women with symptoms undergo a pelvic examination followed by
measurement of serum cancer antigen-(2A). If symptoms persist in the absence of
raised CA125 levels, an abdominal and transvaginal ultrasound is perfddagsonret
al., 2014 Paraskevaidiet al, 2018d) However, ovarian cancer often presents late
symptoms in which the cancer has already metastasized within the abdomen, resulting in
late-stage and poor prognos@sysoret al, 2014; Paraskevaidit al, 2018d) Besides
theselimitations, the diagnosis tends to be extremely invasive, expensive and time
consuming. Therefore, alternative methodologies to detect ovarian cancer that can reduce
these drawbacks are of major importance, especially towards-stagly diagnosis.
Heren, we propose a new algorithm of 3D principal component analysi$(38) for
hyperspectral image analysis, exemplified in the exploratory analysis of plasma samples

of healthy controls and ovarian cancer patients analysed by Raman microspectroscopy

imaging.

6.2 Methods
6.2.1 Sample

Ten plasma samples of five healthy controls and five patients diagnosed with
ovarian cancer were analysed by a Renishaw IBésis Raman spectrometer coupled
to a confocal microscope (Renishaw plc, UKJI experiments were performed in
accordance with Royal Preston Hospital Guidelines, and approved by the ethics
committee aRoyal Preston Hospital UKL6/EE/0010)Informed cosents were obtained
from all human participants of thisstudy For anal ysis, 50 €L of
on aluminium covered glass slides and left tedayr overnight. Samples were analysed
with an acquisition ar ea otibnabdllasenpowerd 0 & m

100% at 785 nm with 0.1 ms exposure time. Hyperspectral images were acquired via
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StreamHRM imaging technique (high confocality mode) with a grid area of 57 x 57
pixels, resulting in 3,249 spectra in the range of +1868 cm' generated for each image
(Lecmidata spacing, 1,016 wavenumbers per speé

composed by a data array with dimension 57 x 57 x 1016.

6.2.2 Software

The Raman images were converted into suitable .txt files using Renishaw WIRE
software; and processed using MATLAB R2014b (MathWorks, Inc., USA) with lab
made routines. Al l t hpeocessednbp tosnsicorays (Bpik€se S W ¢
removal and Savtizkfolay smoothing (window of 9 points"®order polynomial
fitting). All data were meawcentred before further data analysis. A personal computer (16
GB of RAM memory, Intel® CoreTM i7 processor 2.81 GHz) was used for data
processing.

6.2.3 3BPCA

PCA isan exploratory analysis technique characterized by the decomposition of
a given spectral data matriy into a few number of principal component (PCs)
responsible for the majority of the original data variance. Each PC is orthogonal to each
other, being cmposed of scores (projections of the samples on the PC direction) and
loadings (angle cosines of the variables projected on the PC direg@iang Smilde,
2014; Geladi & Kowalski, 1986; Santet al, 2017) The PCA decomposition of a

spectral matrix] into scoresi{), loadings B and residualsA) takes the form:

n A'E A (6.1)

The scores) represent the variability on sample direction; the loadikghe
variability on variables €.g, wavenumbers) direction; and the residudsthe
unexplained data after decompositignis used for assessing similarities/dissimilarities
among the samples in an exploratory analysis context, wh&cesagains the weights for
each variable in the demposition.
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In 3D-PCA, a regular PCA decomposition (eqhl) using nonlinear iterative
partial least squares (NIPALS) algorithm is applied to each giginon the surface of
the hyperspectral image data set. However, before PCA, each point in the image is

transformed into a temporary 2D structdiye havings rows (samples) ankl columns

(variables) in order to keep the scores and loadings with thein@rigeanings:

5z ~

" RE A (6.2)

The number of PCs is selected based on the singular values obtained by singular
value decomposition (SVOBro & Smilde, 2014)of the hyperspectral imaging, in a
similar manner as described by Morais and Lima for florescencgMatais & Lima,
2017) After the number of PCs is selected, the scfireand loading$E are combined
for all points(i,j) and separated for each PC. Hence, new {tiimensional arrayg% (s
xnxm) and’f (k x n x m) are created for each PC,Figure6.1 illustrate the 3BPCA
graphically.

Point (i,)

Image 1

el

Temporary matrix X; (s> k)

Image s

All points (i) scanned
Separating ¢

Loadings

Figure 6.1. lllustration of data processing using JBCA. d represents the-axis
coordinate dimension with size binumber of wavenumbers)s{number of images);
n the number of pixels in the-axis coordinatem the number of pixels in the-gxis
coordinate; and the numbe of principal components (PCs).
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6.3 Results and Discussion

Ten plasma samples (5 health controls and 5 of patients diagnosed with ovarian
cancer) were analysed by Raman microspectrosougying. Their hyperspectral images
were generated with dimension of 57 x 57 x 1016, accounting 3,300,984 data points for
each sample. The hyperspectral images for healthy controls and ovarian cancer samples
are depicted in Figuré.2 and Figures.3, resgctively. Notably, each image presents
distinct visual features, characterized by physical differences, such as dents and surface
anomalies, of the samples analysed. However, chemically they should be grouped into at

least two clusters (healthy vs. cancer)

The images were acquired in the spectral range of i4BE8 cm!, which
includes the fingerprint region; therefore, encompassing Raman signals of the major
biochemical molecules present in the samfiadly et al, 2011) 3D-PCA was applied
to the preprocessed images using only 2 PCs (34.23% cumulative explained variance)
(Table6.1). The 3DPCA took approximately 1 min to run the entire data set, which
accounted to more than 33 million of data points (10 images x 3,300,984 data
points/image), using dandard personal computer. The-BQA scores on PC1 and PC2

are shown in Figuré 4.

The scores on PC1 and PC2 across taeix (Figures.4A and6.4B, respectively)
show a separation tendency between healthy controls and ovarian cancer patients.
However,a across the-gxis, the scores on both PC1 and PC2 are very noisy (Figure
6.4C and6.4D, respectively); although, a separation pattern is observed on the scores on
PC2 (Figure6.4D). Combining the average scores on PC1 and PC2, the PC1 vs. PC2
scores plo(Figure6.4E) shows a clear formation of two clusters separated along both
PC1 and PC2. Healthy control patients are located in the boigtinside of the graph,
while ovarian cancer patients on the upledr side. Only one ovarian cancer sample is
within the healthy control cluster. Figué& shows the boxplots for comparing the-3D
PCA scores individually along the axis and averaged. In all cases, statistical difference

between healthy controls and ovarian cancer patients were observed at a 95éfcenfid

l evel (p <*Ofor8chbres:on PC1 acrodgsiis (Figure65 A) ; P fod 10
scores on PC2 acrossaxis (Figure65 B) ;  ff fordscofie® on PC1 acroysaxis
(Figur e 5%fpr;scones o0& PCR @Gcrossayis (Figure65 D) ; p & 0. 00¢4
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average scoreson PC1 (Figesb E) ; and p & 0.002 for avera
6.5F).
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Figure 6.2.Raman hyperspectral images of healthy control samples.
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Figure 6.3.Ramanhyperspectral images of ovarian cancer samples.
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Table 6.1.Explained variance for 3IPCA.

PC Explained variance (%) Cumulative explained variance (%

1 20.78 20.78
2 13.45 34.23
3 11.34 45.57
4 10.32 55.88
5 9.61 65.50
6 9.12 74.62
7 8.73 83.34
8 8.46 91.80
9 8.20 100

The loadings profiles show larger coefficients around the Raman shift at 1400 cm
1 for PC1 (Figure6.6A), a region containing ¥ in-plane deformation and (C=Q)-
stretching in amino acids; and at ~1800'cand ~825 cm representing C=0 stretching
in lipids and GP-O stretching vibration in DNA, respectiveliylovasaghiet al, 2007)
Vibrations around 820 cthand 1400 cm have been reported as protein biomarkers for

cervical tumourgMovasaghiet al, 2007; Utzingeret al, 2001)

The fast data processing and clear scores segregation between healthy controls
and ovarian cancer patients depicts the power 6P8D as an exploratory analysis
method for assessing betwesamples differences in hyperspectrabges. Even being
an unsupervised method, statistical differences were found at a 95% confidence level
between the 3BPCA scores of the two different classes, indicating its potential usage
towards classification applications. However, to build propesifieation models in this
case, a large cohort should be analysed by means of supervised classification techniques,
which can be easily adapted to-BITA by employing discriminant analysis techniques
(Siqueiraet al, 2017)or support vector machiné€ortes & Vapnik, 199%to the 3D

PCA scores.
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6.4 Conclusion

This chaptereports a new 3P CA algorithm applied for exploratory analysis of
plasma samples of healthy controls and ovarian cancer patients. Ten samples (5 healthy
controls and 5 ovarian cancer) were analysed by Raman miscrospectrocopy imaging in
the region of ~7801858 cm', generating data tensors with size of 57 x 57 x 1016 data
points. 3DPCA was applied to the whole dataset, generating scores showing clear
differences between the two classes on both PC1 and PC2; and the loadings profiles on
these components irddite that the main biomarker contributing for class differentiation
are amino acids, lipids and DNA. 3BCA provided fast exploratory analysis for

hyperspectral data, having potential for future applications in other types of
spectrochemical imaging teclguies.
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CHAPTER 7 | A THREE-DIMENSIONAL DISCRIMINANT
ANALYSIS APPROACH FOR HYPERSPECTRAL
IMAGES

This chapter isunder reviewin Analyst (IF 4.019). It demonstrates new
chemometric techniques for discriminant analysis-BBDA-LDA and 3DPCA-QDA) of
hyperspectral images.

Abstract: Raman hyperspectral imaging is a powerful technique that provides both
chemical and spatial information of a sample matrix being studied. The generated data
are composed of threimensional (3D) arrays containing the spatial information across
the x- andy-axis, and the spectral information in th@xis. Unfolding procedures are
commonly employed to analyze this type of data in a multivariate fashion, where the
spatial dimension is reshaped and the spectral data fits into-dirtvemsional (2D)
structureand, thereafter, common firstder chemometric algorithms are applied to
process the data. There are only a few algorithms capable of working with the full 3D
array. Herein, we propose new algorithms for 3D discriminant analysis of Raman
hyperspectral imges based on a threlgnensional principal component analysis linear
discriminant analysis (3IPCA-LDA) and a threadimensional discriminant analysis
quadratic discriminant analysis (IBCA-QDA) approach. The analysis was performed

in order to discriminanbenign controls and ovarian cancer samples based on Raman
hyperspectral imaging, in which 3PRCA-LDA and 3DPCA-QDA achieved much
superior performance than their respective algorithms using unfolding procedures (PCA
LDA and PCAQDA), where the classifican accuracies improved from 64% to 100%
after employing the 3D techniques. -HICA-LDA and 3DPCA-QDA are new
approaches for discriminant analysis of hyperspectral images multisets to provide faster
and superior classification performance than traditite@iniques.

Author contribution : C.L.M.M. developed the algorithmperformedthe data analysis
and wrote the manuscript
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7.1 Introduction
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7.2 Methods

7.2.1 Samples
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7.2.3 ComputationalAnalysis
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7.3 Results andDiscussion

The memanRhyperspectral i mages for the
group and 18 samples of the ov@alrai aaddnld¢ anc e
respedt svehgt vi sual bfye atuarbfreasr enadriagr taocs seerrivzee
on thesimad8ahis adds a degree of wvariance i
for each sampl e. The hyperspectral Ti mages
1813 cmhich includes the fingerprint regi
mai nchemical mo |l e swlmpd epr Ked®WtyThe the and
processed (SG smoothing and AWLKSo tbha sgerl d inpes

oBampl es are dipicted in Figure

a. Samle 1 Samgle 2 Sampe 3 Samgle 4 b. Samgle 1 Sample 2 Sample 3 Sample 4

Sample s Samgle § Sampie 7 Samgle 8 Sample § Sample & Sampe 7 Sampi 8

I
W
i
i
g

F
I
I

Sample § Sample 10 Sample 11 Sample 12 Sample § Sampie 10 Sample 11 Sample 12

¥
N
"
i
t
ol
il

Sample 13 Sample 14 Sample 15 Sample 16 Sample 13 Sample 14 Sample 15 Sampie

|

ﬂ
{

!

FigutRaw Raman hyper(sspercitgral c o margelss ; (b)
patient®l] oFal sneages represented by tihe mea
1813) ¢cm

Unf ol ddadAP@ADDACAere apppiedesvedhaatpa
2 PCs (90.51% expl @3 ana&B cv asrhioavn d én)e-L AT U rdees
and -BODA calcul ated classification boundar.
cancer samples. The PCA scores response Ww
Fi gd3 erepresents a sampbe pambhgeh. offiber e
73a dada3hd reflects the poor -cDAsané@DRAEmison
demonstrat’éd whemdfaebbearian cancer sampl es
in the test set (80% MRscwhesefiacatuir@amc) e S
sensitivitidsDAl 20)DECoarr ePCsAubst antially 1o

146



©
o

50 : 4
—Control ——Control

451 —Cancer|. 3.5} |——Cancer
40+ 3r

> >

= 35t 225

C o

3] L

E30f c 2r

15

800 1000 1200 1400 1600 1800 800 1000 1200 1400 1600 1800
Raman shift (cm'1) Raman shift (cm'1)

Figure 7.2. Mean Raman spectra for benign controls and ovarian cancer safaples.
Raw; and (b) prgorocessed Raman spectra. -Brecessing: Savitzkgolay (SG)
smoothing (window of 15 points, 2nd order polynomial fitting) and automatic weighted
least squares (AWLS) baseline correction.

o
=

Scores on PC2 (6.62%)
Scores on PC2 (43.55%)

-20 0 20 40 -4 -2 0 2
Scores on PC1 (53.66%)
C.
4
9 <3
] [re]
< o 2
— =
o o
o o 1
c
] 50
3 2
& g
-2
-3
-20 0 20 40 -4 -2 0 2

Scores on PC1 (83.89%) Scores on PC1 (53.66%)

Figure 7.3. Calculated class boundaries oe fICA scoreqa) Unfolded PCALDA,

(b) 3D-PCA-LDA; (c) Unfolded PCAQDA; and (d) 3BPCA-QDA. Numbers inside
parenthesis on the andy-labels represent the percentage of explained variance in each
principal component (PC).

147



TabTleConf usi onormatthre ctersadaflnii chegt,i ocnr oassmsd t es't
unf ol ded and 3D PGAOApeplrialci pmaAge® mponen
di scri mi nantQDaAn alpyrsiinsc;i pRRCA component analy

anal ys-P€EADAD -dthmekeonal principal compone
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PCA-LDA PCA-QDA 3D-PCA-LDA 3D-PCA-QDA
Training  Control Cancer Control Cancer Control Cancer Cancer Cancer
Control  79% 21% 86% 14% 100% 0% 100% 0%
Cancer  46% 54% 54% 46% 8% 92% 8% 92%
cVv
Control ~ 70% 30% 72% 28% 99% 1% 93% 7%
Cancer  51% 49% 57% 43% 7% 93% 8% 92%
Test
Control ~ 100% 0% 100% 0% 100% 0% 100% 0%
Cancer  80% 20% 80% 20% 0% 100% 0% 100%
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Data Model Accuracy Sensitivity Specificity
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3D-PCA-QDA 100% 100% 100%

On the other hahbaseldgyoru $h@Gus DX BeDON 3 D3 D
PCADA) , the classification performance i1
were applied to the whole hyperspectral d
ti me of appr oxmondagtde Inyg 24 mibpn@gamgui7ap. Fig
anf3d showCAPA3IDARICADA cal cul ated cl assi fi
bet ween benign controls and ovarian cancer
the classes i APChoDA (cHI3gEr.evbarei anD cancer s
the training set is withinaAPGQGMRA btemii gns ammlt

148
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Figure 7.4. 3D-PCA loadings.(a) Average prgrocessed spectra for benign controls
(continuous line) and ovarian cancer (dashed line) samples; (b) diffdyetweeermean
spectrum for benign controls and ovarian cancer samples (negative signal indicates higher
intensity in ovarian aacer samples); (c) 3PCA loadings on PC1; (d) 3BCA loadings

on PC2.

The differencebetweenmean (DBM) spectrum and 3PCA loadingsare showm
in Figure 7.4. The ovarian cancer samples spectra appear to have overall hegisésyin

values than benign controls, as demonstrated in Figdiaeand? 4b, where the negative
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values in the latter indicate higher intensity influence in the ovarian cancer group. The
3D-PCA loadings on PC1 contain higher coefficients at: 823 ¢GC stretching in
protein), 990 cr (C-C stretching in glucose/collagen), 1140 &(fatty acids), 1400 cm

1 (NH in-plane deformation), 1510 ch{ring breathing modes in DNA bases), 1592 cm

1 (C=C stretching) (Figurd .4c) (29). The 3EPCA loadings on PC2 otain higher
coefficients at: 727 crh(C-C stretching in collagen), 860 chiphosphate group) and
986 cm' (C-C stretchingh-sheet in proteins) (Figuig4d) (Movasaghkt al, 2007. PC1
seems to be related to wavenumbers of higher energy, encompassihygfatty acids,

lipids and protein vibrations; while PC2 contain higher weights toward wavenumbers of
lower energy, including collagen, phosphate groups of RNA, a@@ i@ proteins
(Movasaghiet al, 2007) Vibrations around 820 ctnand 1400 cm (PCl1) have been
previously reported as protein markers for cervical tunfdtgingeret al, 2001)and

ovarian cancefMoraiset al, 2019e)

7.4 Conclusion

Thi s paper reports neap p3rbDo adimedr-i tm rneaen
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controls and ovarian canbhgpepapmaEdit@dd .b alne

i mprovement i n t1h0ed %) c caunrda csye n(s6 4% vtia 'y (20
was oObserved when the weD ediagpgPIBiAvidnaadi rad s
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for class differeantsicatiimmm.apphampeatywsdes3 Das
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empl oyed for this type of dat a.
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CHAPTER 8 | UNCERTAINTY ESTIMATION AND
MISCLASSIFICATION PROBABILITY FOR
CLASSIFICATION MODELS BASED ON DISCRIMINANT
ANALYSIS AND SUPPORT VECTOR MACHINES

This chapter is published in Analytica Chimica Acta (IF 5.256). It demonstrates a
new method to estiate model uncertainty and misclassification probabilities for
classification models in spectral data using discriminant analysis and support vector
machines:

U Morais CLM, Lima KMG, Martin FL. Uncertainty estimation and
misclassificationprobability for classification models based on discriminant
analysis and support vector machinésal. Chim. Acta2019 1063: 4046.
https://doi.org/10.1016/].aca.2018.09.022

Abstract: Uncertainy estimation provides a quantitative value of the predictive
performance of a classification model based on its misclassification probability. Low
misclassification probabilities are associated with a low degree of uncertainty, indicating
high trustworthiess; while high misclassification probabilities are associated with a high
degree of uncertainty, indicating a high susceptibility to generate incorrect classification.
Herein, misclassification probability estimations based on uncertainty estimation by
bootstrap were developed for classification models using discriminant analysis [linear
discriminant analysis (LDA) and quadratic discriminant analysis (QDA)] and support
vector machines (SVM). Principal component analysis (PCA) was used as variable
reductiontechnique prior classification. Four spectral datasets were tested (1 simulated
and 3 real applications) for binary and ternary classifications. Models with lower
misclassification probabilities were more stable when the spectra were perturbed with
white Gaussian noise, indicating better robustness. Thus, misclassification probability
can be used as an additional figure of merit to assess model robustness, providing a
reliable metric to evaluate the predictive performance of a classifier.

Author contribut ion: C.L.M.M. developed the algorithmperformed thelata analysis
and wrote the manuscript
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8.1 Introduction

Multivariate classification models are commonly employed to segregate clusters
based on a supervised learning approach. Commonly, the data are initially divided into
training and external validation sets, where the first is used for model construction and
the latter to assess the model performance. The predictive capacity of classification
model s i s assessed by quality parameters
ones are the accuracy (total number of samme®cty classified considering teiand
false negatives), sensitivity (proportion misitivescorrectly identified) and specificity
(proportion of negatives correctly identifie@lorais & Lima, 2017) Additional figures
of merit can also be estimated to confirm the predigtedormance of a classification
model, such aprecision (classifier ability to avoid wrong predictions)sdore (overall
performance of the model considering imbalanced dataf,a®e (overall performance of
the model not accounting for class sizes)aaoeder the curve (AUC) of receiver
operating characteristic curves, positive and negative prediction values, positive and
negative | ikeli hood (Bakabiaebas 2018 Matais ¥ dima e n 0 s
2017; Nevest al, 2018; Parikret al, 2016;Siqueiraet al, 2017) The latter three are
more commonly used for biomedical applications, where the ratio of true and false

positives and negatives are an important factor towards making clinical decisions.

However, none of these figures of merit benipformation of the degree of
uncertainty in the classification model. Uncertainty is always present in any analytical
measurement where a prior univariate or multivariate model is used to provide
information of the property being analysed. For being -smecific, vibrational
spectroscopy technigues generate thousands of data points for all chemical components
that are susceptible to the radiation source incident on the sample, creating a very complex
array of data for each sample analysed. To elucidadeeatract information of the
chemical components present in the spectrum, chemometric techniques are often
employed. Multivariate calibration techniques, such as principal component regression
(PCR) and patrtial least squares (PLS) regression, are uspdaftification applications;
and classification techniques, such as discriminant analysis (DA) and support vector

machines (SVM), for qualitative applicatiofidaeset al, 2002)

In spectroscopy applications, due to problems of collineantyill-condtioned

data, variable reduction or selection techniques are often employetbmi@ssification
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analysis. Principal component analysis (PCA) is one of the most popular methods of
variable reduction, since reducesall the spectral variables into a dmaumber of
principal components accounting for the majority of the original variance in thBilata

& Smilde, 2014) Since the principal components are orthogonal to each other, the
computation of inverse matrix operations used in discriminant analgsechieved with

high accuracy.

Uncertainty estimation for calibration models is well kno@acuci & lonescu
Bujor, 2010; Cajaet al, 2015) However, for classification techniques, uncertainty
estimation is still a new topic, so far mainly exploreddartial least squares discriminant
analysis (PLSDA) (de Almeidaet al, 2013; Rocha & Sheen, 2016)erein, we propose
an uncertainty estimation method based on bootstrap for calculation of misclassification
probabilities in linear discriminant analys{tDA), quadratic discriminant analysis
(QDA) and SVM models applied to four different datasets, where the classification

stability is also evaluated by adding white Gaussian noise to the spectral data.

8.2 Experimental
8.2.1 Datasets

Four datasets were used for testing. Dataset 1 is composed of simulated spectra
generated using a normal distribution function. Class 1 contains 30 spectra with 301
variables each, with mean ranging from 0.15 to 0.42 intensity units and standard deviation
rangng from 0.41 to 1.14 intensity units between samples. Class 2 contains also 30
spectra with 301 variables each, with mean ranging from 0.19 to 0.35 intensity units and

standard deviation ranging from 0.35 to 0.86 intensity units betweenesampl

Dataset 4s composed of 280 infrared (IR) spectra of t@xyptococcudungi
specimens acquiredia attenuated total reflection Fourgansform infrared (ATR
FTIR) spectroscopy. Class 1 contains 140 specté@rytococcus neoformasamples,
and class 2 contairis0 spectra o€ryptococcus gattisamples. Spectra were acquired
in the range of 408000 cm® with resolution of 4 cmand 16 ceadded scans using a
Bruker VEXTER 70 FTIR spectrometer (Bruker Optics Ltd., UK). The spectra were pre
processed by cut in the biofingerprint region (@@M0 cm'), followed by automatic
weighted least squares baseline correction and normatigatibe Amide | peak (1650
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cml). More information about this dataset can be found in literg@ostaet al, 2016;
Moraiset al, 2017)

Dataset 3 is composed of 240 IR spectra for two classemadlinfixed paraffin
embedded brain tissues measuwsthg ATRFTIR spectroscopy. Class 1 contains 140
spectra for normal brain tissue samples, and class 2 contains 100 spectra for glioblastoma
brain tissue samples. Spectra were acquired in the range-4D80@m' with resolution
of 8 cm* and 32 ceadded scans using a Bruker Vector 27 FTIR spectrometer with a
Helios ATR attachement (Bruker Optics Ltd., UK). The spectra werpnoeessed by
cut in the biofingerprint region (960800 cm?), followed by ruberband baseline
correction and normalisation the Amide | peak (1650 ch). This dataset is public

available as part of IRootLab toolboixtip://trevisanj.github.io/irootlap(Martin et al,

2010; Trevisaret al, 2013)and more information about it can be found in Gagfaal.
(2013)

Dataset 4 is composed of 183 IR spectra separated into 3 classes. Class 1 is
composed of 59 spectra of Syrian hamster embryo (SHE) cells contaminated with
benzof]pyrene (BR]P); class 2s composed of 62 spectra of SHE cells contaminated
with 3-methylcholanthrene (B1CA); and class 3 is composed of 62 spectra of SHE cells
contaminated with anthracene (Ant). Spectra were acquired by using a Bruker TENSOR
27 spectrometer with a Helios AT&tachement (Bruker Optics Ltd., UK). Spectra were
recorded in the range of 4@MO00 cm! with a resolution of 8 chh Preprocessing was
performed by cut in the biofingerprint region (90800 cm'), rubberband baseline
correction and normalisation to tifemide | peak (1650 cr. This dataset is public
available as part of IRootLab toolboxtip://trevisanj.github.io/irootlap(Martin et al,

2010; Trevisaret al, 2013) further information can be found in Trevisainal.(2010)

8.2.2 Software

Data analysis was performed within MATLAB R2014b environment (The
MathWorks, Inc., USA) using laimade routines. Pserocessing was performed using
PLS Toolbox 7.9.3 (EigenveatdResearch, Inc., USA). Samples were divided into
training (70%) and external validation (30%) sets using KenStwde sample selection
algorithm(Kennard & Stone, 1969)
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8.2.3 ClassificationT echniques

Data were initially processed by PCA in order to reduce the number of variables
and solve illcondition problems. PCA decomposes the original spectral nratirixo

scoresff), loadings (B and residualsA) as follows(Bro & Smilde, 2014)

A A'E A (8.1)

The PCA scores were used as input variables for the classification models (LDA,
QDA and SVM) with the number of principal components selected by singular value
decomposition (SVD{Bro & Smilde, 2014; Morais & Lima, 2013and root mean square
error of cros-validation (RMSECV) values obtained with cresdidated PCA
(Brereton, 2003)The cumulated explained variance was calculated based on SVD as
follows (Morais & Lima, 2017)

N (8.2)

Ob = ; pTITT (8.3)

whereO b is the eyplained variance) andrj are orthogonal matrices; ands a matrix

containing nonzero singular values on its diagonal.

The LDA (0 ) and QDA ( ) classification scores were calculated in a-non
Bayesian form as followixon & Brereton, 2009; Morais & Lima, 2018)

0 o o A 0O O (84)
0 0o 0 A 0 o (8.5)
whered are the input variables for samfi{#® is the mean vector of cla¥&'A is

the pooled covariance matrix; aidd is the variance&ovariance matrix of clas@ A and

A are estimated as follows:
‘A ——B 0O 0 0 o (8.6)
A -B &£ A (8.7)

where¢ is the number of samples of cla§s¢ is the total number of samples in the

training set; an@ is the number of classes.
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SVM was applied to the PCA scores using a radial basis function (RBF) kernel
(Cortes & Vapnik, 1995)The SVM classifier takes the form @floraiset al, 2017)

i OEG®I | w06 & (8.8)
wherei is the classification respea for samplé&U is the number of support vectors;

| is the Lagrange multipliexp is the class membership (x1) of samigé o6 6 is

the kernel function; anis the bias parameter.

8.2.4 MisclassificationProbability Estimation

The uncertainty estimation was based on Bootsivéiphrenset al, 2000) a
random sampling method with replacement that allows confidence intervals to be placed
on the model predictions based on uncertainties of the originalRatia & Sheen
2016) The procedure for calculating uncertainties based on residual bootstrap was
originally presented by de Almeidsd al. (2013)and adapted herein for LDA, QDA and
SVM-based models-or comparison, uncertainty propagation estimate for SVM was
calculated by differentiation of E®.8 based on a previous uncertainty estimation for
RBF kernel in artificial neural networks (ANN), assuming that noise only affects the test
sample(Allegrini & Oliveiri, 2016).

h

A B | ® Ao "H  dx (8.9)

where'H represents the uncertainty propagation of SVM using RBF kernel.

For bootstrap uncertainty estimatidnitially, the residuals for LDA, QDA or

SVM models are calculated using:

H

H

(8.10)

where His the weighted model residudHs the model residual; ar@ is the pseudo

degrees of freedorfvan der Voet, 1999fHs estimated for LDA, QDA or SVM models

as:

Ho o (8.11)
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whereo is the reference class category for all samples;tcasdhe model response for
LDA[6 OFMERM ];QDA[6 OFMER J;orSVM 6 i FMFEHR ]

Then, bootstrapping is applied by removing sanfpidnose uncertainty is being
estimated by the model. A new response mal¥ixis generated by replacing the
remaining values i with the model predicted. Then, a new random residual vector
"H is generated by bootstrapping. The bootstrapping resiBlualis added to thé

predicted, generating a new response veztar
o* o 'H (8.12)

A new classification model is then created usaif as reference categories.

Finally, a new residual vectdH is created by subtracting the bootstrapping predicted

valueso® from the model predicted:
H o 0o~ (8.13

The confidence intervals are calculated for sari{pl@ased on the residual vector

"H For a 95% confidence interval, the lower bouittl () and the upper bondH ) are

given by:
"H T} U (8.14)
"H  mdox B (8.15

For misclassification probability calculation, the classification categariase

treated as being normally distributed with mean equal aod standard deviatign
P t H "H . The probability that sampl@s classk=1, denoted) j, is equivalent

to the probability thato is lower than the threshold value that separates the classes,
W .0 i is given by the cumulative distribution function for the normal distribution
(Rocha & Sheen, 2016)

O 0@ -p AOEM_— (8.16)

Similarly, the probability that sampi@s classk=2, denoted f, is equal tg
0 5. The misclassification probability of sam[i{® i, is therefore determined based on

the classification of sampl&as:

Grp O (8.17)
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Theda values range from 0 (no misclassification probability) to 1 (maximum
misclassification probability). Values above 0.5 indicate higher prbtyabof
misclassification. A graphical flowchart illustrating the processing steps for
misclassification probability calculation for PADOA, PCA-QDA and PCASVM
models is depicted in Figugel.

Raw data—{ Preprocessin » PCA » PCA scores
-~ , B LDA, QDA or
Bootstrap « Calculation ofO |« SVM models

v
Calculation of
confidence intervals

\ 4

Misclassification probability calculation

Figure 8.1. Flowchart illustrating data processing steps for misclassification probability
calculation/O stands for pseuddegrees of freedom.

8.3 Results andDiscussion

Datasets 4 were analysed in order to estimate the misclassification probability
associatedvith the trustworthinessand robustness of three classification algorithms:
PCA-LDA, PCA-QDA and PCASVM. Preprocessed spectra with mean and stardard

deviation for these datasets are depicted in Fi§i2e

Dataset 1 is composed of simulated spectra (Figure 8.2a). Although this dataset
has no chemical meaning, simulatata are commonly used as a primary source to
evaluate discriminatory performance of classification algoritfMwais & Lima, 2017)

PCA was applied to the data and 10 PCs were selected according to SVD and RMSECV
values (Figure8.3a and b)cumulative variance of 97.2%). PAAA did not show a
goodclassification, with an accuraof 44.4%. Theaveragenisclassification rate for the

test set was equal @©52Q This high misclassification probability indicates a large degree

of uncertainty for the PCADA model, which is confirmed by the high misclassification
probability @ > 0.5). On the other hand, by applying a QDA classifier classification
performance improved substantially. The accuracy in the external validation set was

found at 88.9% with average misclassification probability of 0.113. QDA performance
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was superior than the one found by LDA due to the difference vasémictures of class

1 and 2, as evidenced in the stane@ediation in Figure 8.2a. LDA assumes classes
having similar variance structures, using a pooled covariance model. In contrast, QDA
assumes classes having different variance structures, whichviespconsiderably its
performance over LDA when this condition happens (Dixon & Brereton, 2009; Morais
& Lima, 2018). Additional figures of merit are depicted in Table 8.1.
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Figure 8.2. Mean and standardleviation (shaded area) for (a) dataset 1, (b) daBagc)
dataset 3, and (d) dataset 4.
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Figure 8.3. Singular value decomposition (SVD) for (a) dataset 1, (c) dataset 2, (e) dataset
3 and (g) dataset4; root mean square error of s@gtation (RMSECV) of PCA for (b)
dataset 1, (d) dataset @) dataset 3 and (h) dataset 4 varying the number of principal
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Table 8.1. Figures of merit calculated for the external validation set in datasét®PV
stands for positive predictive value, NPV for negative predictive value, YOU for
Youdenos @ nsthredxfor average misclassification probability.

Dataset 1 Accuracy Sensitivity Specificity PPV NPV  YOU a
PCA-LDA 44.4% 44.4% 44.4% 44.4% 44.4% -11.1% 0.520
PCA-QDA 88.9% 77.8% 100% 100% 81.8% 77.8% 0.113
PCA-SVM 94.4% 88.9% 100% 100% 90.0% 88.9% 0.152
Dataset 2

PCA-LDA 86.9% 97.6% 76.2% 80.4% 97.0% 73.8% 0.328
PCA-QDA 100% 100% 100% 100% 100% 100%  0.212
PCA-SVM 97.6% 95.2% 100% 100% 95.5% 95.2% 0.500
Dataset 3

PCA-LDA 68.1% 80.0% 59.5% 58.5% 80.6% 39.5% 0.319
PCA-QDA 88.9% 90.0% 88.1% 84.4% 92.5% 78.1% 0.276
PCA-SVM 100% 100% 100% 100% 100% 100%  0.244
Dataset 4

PCA-LDA

Class 1 94.6% 94.7% 94.4% 97.3% 89.5% 89.2% 0.265
Class 2 89.3% 83.8% 100% 100% 76.0% 83.8% 0.217
Class 3 89.3% 91.9% 84.2% 91.9% 84.2% 76.1% 0.299
PCA-QDA

Class 1 76.8% 100% 27.8% 745% 100% 27.8% 0.500
Class 2 73.2% 100% 21.1% 71.2% 100% 21.1% 0.434
Class 3 75.0% 62.2% 100% 100% 57.6% 62.2% 0.217
PCA-SVM

Class 1 98.2% 97.4% 100% 100% 94.7% 97.4% 0.447
Class 2 100% 100% 100% 100% 100% 100%  0.468
Class 3 73.2% 59.5% 100% 100% 55.9% 59.5% 0.303

SVM was applied to the PCA scores by means of 8S¥M generating also a
good prediction respongaccuracy = 94.4%). Although SVM fitting and prediction are
better than QDA in terms of accuracy, sensitivity and specificity; its average
misclassification probability is slightly highedt ( = 0.152). A robustness test was then
performed by adding whit€aussian noise to the spectra in 6 different levels of signal
to-noise ratio (S/N) measured in decibels (dB). S/N values of 50 dB, 45 dB, 40 dB, 35
dB, 30 dB and 25 dB were tested. As can be seen in Rigtagby adding noise to the
spectra, the predictive performance in terms of overall accuracy remained constant for
PCA-QDA and PCASVM models. For PCADA, the addition of noise at 25 dB
improved the accuracy to 50%. This phenomenon could happen dugtmtiiting of
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the LDA model for dataset 1 (sensitivity and specificity of 44.4%), since in this case the

model response might not be entirely reliable on the signal quality.

For dataset 2Gryptococcusfungi specimens)PCAQDA also had a better
performance than PCALDA. According to Figure 8.2b, class 1 has a clear higher
variance for the variables in the range of- 9200 cm! (phosphodiester, polysaccharides,
glycogen and P®symmetric stretching in DNA/RNA (Movasaghkt al, 2008)) in
comparison withclass 2. PCAQDA achieved perfect class segregation (accuracy =
100%), while PCALDA achieved fair results with accuracy at 86.9%. All models were
built using 8 PCs determined by SvV&nd RMSECV values (Figure 8.3c and d)
(cumulative variance of 99.8%). Avage misclassification probabilities of 0.328 and
0.212 were found for LDA and QDA models, respectively; confirming the higher
trustworthiness of PCADA over PCALDA for this dataset (Table 8.1). PC3VM
also achieved good classification results, withaaguracy of 97.6% in the external
validation set. However, the average misclassification probability was found at 0.500,
which indicates that this model is not stable. The negative predictive value (NPV) for
PCA-SVM indicates that the presence of misdkasstion is present only in the negative
samples Cryptococcus neoformajsa possible overfitting sign. Robustness was again
evaluated by adding white Gaussian noise to the spectra set. TR@ P&Avas the only
model that remained stable with noise, whiie other two models (PGLDA and PCA
SVM) had an accentuated decrement of accuracy after S/N of 40 dB (Figure 8.4b). As
expected by thenisclassification probabilities valuethe performance of PGAVM
when the spectra were perturbated by noise was woese than using PGRDA, since

its accuracy dropped to 50% at 25 dB.

Dataset 3 is composed of IR spectranofmal brain tissue samples (class 1) and
glioblastoma brain tissue samples (class 2) (Figure 8.2c). Basisesseem to have
similar spectral profiles and standatedviations. PCASVM classified the data with
100% accuracy (misclassification probability of 0.244) using 10 PCs selectsu by
and RMSECYV values (Figur@3e and f)(cumulative variance of 99.4%). Thecond
best classification performance was found using R (accuracy = 88.9%,
misclassification probability of 0.276) and, for last, RCBA (accuracy = 68.1,
misclassification probability of 0.319). The three models are stable until S/N 35 dB, but
after this point, all the classifietend to lose theiclassification performance converging
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to accuracies of 54.2% (PGADA), 58.3% (PCAQDA) and 62.5% (PCAVM) at 25
dB (Figure 8.3c).
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Figure 8.4: Overall accuracy in percentage for PCBA, PCA-QDA and EA-SVM

models in (a) dataset 1, (b) dataset 2, (c) dataset 3 and (d) dataset 4, by adding white
Gaussian noise to the spectra datasets in the following levels of-tgmake ratio50

dB, 45 dB, 40 dB, 35 dB, 30 dB and 25 dB.

Dataset 4 is composed 8f classes of samples measured by AARR. The
average spectra with standateviation for class 1SHE cells contaminated with &P),
class 2 (SHE cells contaminated wittM&A) and class 3 (SHE cells contaminated with
Ant) are depicted in Figur8.2d. The variance among the classes seem to be evenly
distributed, according to the similar standdeViation observed in Figu&2d. PCA
LDA was applied using 10 PCs selected by SAfid RMSECYV values (Figu&3g and
h) (cumulative variance of 98.9%), merating an overall accuracy of 91.1% (average
misclassification probability = 0.260). This model had the best classification performance
in comparison with PCAQDA and PCASVM, which seem to be overfitted according to
the small sensitivity and specificityalues observed between the classes (Tallg
PCA-QDA achieved an overall accuracy of 75.0% (average misclassification probability

of 0.384) and PCAVM with an overall accuracy of 90.4% (average misclassification
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probability of 0.406). By applying nee to the data (FiguB4d), the model performance

for PCA-LDA remained constant until 35 dB, then quickly dropped afterwards. For PCA
SVM, the model maintained overall accuracy around 90% until 40 dB, followed by a
quickly dropping at 35 dB; and for PGADA, the overall accuracy decreased steadily
until 25 dB. At 25 dB, all models converged to the same accuracy of 57%.

The mean misclassification probability and uncertainty propagation estimate
based on E8.9 for SVM models areompared in Figur85. An exponential trend is
observed between the two parameters (Fig&), where the uncertainty propagation is
proportional to the misclassification probability. A linear relationship between the two
parameters is depicted in Figu®b by the applicationf a natural logarithm function,
where an Rof 0.971 is found; indicating that the classificatiorcertainty by bootstrap

behaves similar to that one found using RBF funct{@degrini & Oliveiri, 2016).

a. b.

Dataset 2

Dataset 2

Dataset 4
Dataset 4 Dataset 3

Dataset lDataset s

Dataset 1

Figure 8.5. (a) Mean misclassification probability using bootstraprsus norm of
uncertainty propagation coefficientsl( ) calculated for SVM models with the training
samples of dataset$4; and(b) mean misclassification probability using bootstvapsus
naturallogarithm of the norm of uncertainty propagation coefficietits () calculated
for SVM models with the training samples of dataséts(linear equationo  p @&w

PP .
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