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Résume
Introduction et définition des objectifs de thése

En 2022, le carcinome cutané était le cinquiéme type de cancer le plus fréquent dans le
monde [1]. Le carcinome basocellulaire et le carcinome spinocellulaire sont les types de CSNM
les plus courants, représentant respectivement 70 % et 25 % des cas. Les métastases ne
surviennent que dans un cas sur 14 000 000 pour le carcinome basocellulaire et dans moins de
10 % pour le carcinome spinocellulaire [2], ce qui se traduit par un taux de survie global de 90
% a cing ans. Le taux d'incidence normalisé selon I'age du NMSC est passe de 54,08/100 000
en 1990 a 79,10/100 000 en 2019 (+1,78 % par an) et le nombre de cas déclarés augmente
chaque année [3-5]. Cette augmentation de I'incidence entraine une charge médico-économique

importante.

En effet, la procédure standard de diagnostic des Iésions cutanées suspectes comprend
une biopsie chirurgicale et une analyse histopathologique des échantillons de tissus prélevés [6,
7]. Ainsi, selon [8], le ratio biopsies/traitement est passé de 1,1 en 1993 a 2,1 en 2016. En outre,
la biopsie est une procédure invasive, longue et colteuse, qui induit du stress et des cicatrices,
et dont la précision diagnostique est faible, puisque seulement 20 % des biopsies révelent des
cancers de la peau et que deux tiers des carcinomes ne sont pas diagnostiqués.

Un autre aspect important est I'évaluation des marges de résection saines, qui doit
également étre optimisée car le cancer n'est pas complétement enlevé dans un quart des cas.
Compte tenu du nombre de patients atteints de carcinomes cutanés, cela augmente

considérablement la charge médico-économique totale [8].

L'utilisation de méthodes optiques (également appelées biopsie optique) pour I'examen
de la peau peut fournir des informations diagnostiques en quelques minutes (contre quelques
jours pour I'histopathologie) et peut étre utilisée in vivo [6, 9, 10] (évitant ainsi les procédures
invasives). Ces avantages font des méthodes de biopsie optique un outil d'aide au diagnostic en
temps réel prometteur pour la pratique clinique. L'intérét des méthodes de biopsie optique réside
dans leur sensibilité aux modifications des propriétés optiques de la peau a I'échelle tissulaire,
cellulaire et subcellulaire, qui sont directement liées aux modifications morphologiques et

métaboliques pathologiques au cours du développement des lésions cancéreuses.

Depuis plus de vingt ans, différentes méthodes de spectro-imagerie optique ont été
étudiées pour la détection et/ou le diagnostic in vivo du cancer de la peau humaine [9, 11, 12]:

(i) la spectroscopie de réflectance diffuse (DRS) [13-15], sensible a la présence d'éléments
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absorbants (tels que les chromophores, la mélanine et I'hémoglobine du sang) dans la peau et
aux changements morphologiques dus aux lésions cancéreuses, qui ont un impact sur la
diffusion de la lumiere a travers la peau (disparition de la structure en couches, désorientation
des cellules, modification de la taille des noyaux des cellule), (ii) la spectroscopie
d'autofluorescence (AFS) [16-18] et la microscopie en temps de vie de fluorescence (FLIM)
[19] sensibles aux microenvironnements et au métabolisme cellulaire modifiés au cours de la
progression tumorale, notamment grace aux fluorophores endogénes présents dans le derme
(élastine, collagene) et dans I'épiderme (flavines, nicotinamide adénine dinucléotide), (iii) la
spectroscopie Raman (RS) [20-24] qui permet d'extraire des informations chimiques et
cristallines, structurelles et métaboliques, liées a I'état vibratoire (diffusion inélastique) des
molécules constituant les protéines et les lipides de la peau, (iv) I'imagerie hyper-spectrale
(HSI) [25-27] qui combine de hautes résolutions spatiales et spectrales, fournissant ainsi des
images de la peau avec des qualités spectrales améliorées pour analyser les caractéristiques
d'absorption et de diffusion, (v) la microscopie confocale par réflectance (RCM) [28] et la
tomographie par cohérence optique (OCT) [29-31], qui est une modalité d'imagerie en
profondeur sensible aux variations de I'indice de réfraction entre les différents constituants de
la peau (organites, cellules, fibres, matrice extracellulaire). L'OCT fournit des images
transversales orientées verticalement au niveau cellulaire (pour I'OCT a champ linéaire) et
jusgu'au derme superficiel. Cependant, il n'existe pas de méthode unique qui fournisse des
informations sur les changements de toutes les propriétés optiques de la peau. Ce probleme peut
étre partiellement résolu par I'utilisation de méthodes multimodales, qui impliquent I'utilisation
simultanée de plusieurs méthodes de mesure dans une seule étude [32, 33]. Par exemple, parmi
les approches multimodales les plus étudiées et testées en pratique clinique pour le diagnostic
in vivo du cancer de la peau, la DRS et I'AFS avec une ou plusieurs excitations ont été combinés
[34-36] et la RS a démontreé sa contribution supplémentaire aux mesures colocalisées en DRS
et I'AFS [33, 37, 38] ou dans I'OCT [39].

Notre groupe de chercheurs au sein du CRAN a développé et breveté un dispositif
médical de spectroscopie multimodale [40, 41] combinant les spectroscopies DR résolues dans
I'espace et AF multi-excitees, résolues spatialement qui a d'abord été mis en ceuvre dans des
études precliniques sur des modeéles de cancer de la peau chez la souris in vivo [42, 43].
Récemment, notre groupe a également publié une base de données unique et entierement
ouverte de plus de 26 000 spectres DR et AF, acquis sur 131 patients en clinique, avec des

Iésions de BCC, SCC et de kératose actinique (AK) [44]. Par conséquent, le traitement et
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I'analyse d'ensembles de données aussi complexes et multidimensionnels posent des défis
majeurs. Avec le nombre beaucoup plus important de variables (c'est-a-dire de nombreuses
caractéristiques par rapport au nombre d'individus et les niveaux élevés de variabilité intra- et
inter-patients), des méthodes avancées d'apprentissage automatique et d'analyses statistiques
sont nécessaires pour lutter contre le "fléau de la dimension”, atténuer I'ajustement excessif et
extraire des caractéristiques discriminantes pertinentes. Une solution a ces défis est nécessaire

pour parvenir a une différenciation efficace entre les différentes classes de pathologies cutanées.

Diverses approches de classification supervisee telles que les machines a vecteurs de
support [45-47], la régression logistique [14], I'analyse discriminante [34, 43] et différentes
variantes des réseaux neuronaux artificiels [13, 17] ont été mises en ceuvre pour identifier les
différents types de cancers de la peau sur la base des spectres AF et DR. Cependant, les
performances des classificateurs peuvent varier de maniére significative en fonction du réglage
des parametres et des données a analyser ; il est donc nécessaire de comparer les performances
de plusieurs classificateurs et d'effectuer une optimisation des hyperparameétres pour chacun

d'entre eux afin d'améliorer les résultats.

Un autre aspect important est I'utilisation efficace des données multimodales. A cette
fin, il est possible d'exploiter les méthodes de fusion de données, qui ont été testées avec succes

dans des études précliniques [46, 47].

La combinaison adéquate des méthodes spectroscopiques d'examen de la peau avec les
méthodes de traitement, de classification et de fusion des données est une tache assez complexe,
qui nécessite un grand nombre de tests préliminaires et, par conséquent, des colts importants
en termes de temps. Ceci est particulierement pertinent dans le contexte des essais cliniques sur
des sujets humains, étant donné que la préparation de tous les documents et expériences
nécessaires prend souvent jusqu'a plusieurs dizaines d'années. A cet égard, le développement
de méthodes d'analyse des données obtenues sur les données des études précliniques est

généralement la meilleure solution.

En tenant compte de toutes les difficultés mentionnées, les objectifs suivants ont eté définis

pour cette these :

1. Développer une méthodologie pour le traitement et la classification des données
spectroscopiques multimodales, y compris l'utilisation de techniques d'apprentissage
automatique, sur les spectres obtenus dans une étude préclinique sur la peau de souris

avec des lésions bénignes et potentiellement précancéreuses.
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2. Evaluer l'efficacité de la méthodologie de traitement des données spectroscopiques
multimodales développée sur des données obtenues dans le cadre d'une étude clinique
sur la peau de personnes atteintes d'un cancer de la peau sans mélanome ou de lésions
précancéreuses.

3. Déterminer les moyens possibles d'améliorer le traitement des spectres et la
méthodologie de classification qui peuvent étre utilisés dans les étapes suivantes des

études cliniques pertinentes.
Contexte spécifique de la thése

Cette thése a été financée par I'ambassade de France en Russie dans le cadre d'une bourse
Vernadski de cotutelle internationale avec I'Université de Tomsk (2021-2024) et par
I'Université de Lorraine (Lorraine Université d'Excellence, projet PIA financé par 'ANR, ANR-
15-IDEX-04-LUE). Les données utilisées dans cette thése ont été obtenues dans le cadre du
projet Spec-LCOCT financé par 'ANR (ANR-21-CE19-0056) et ont été réalisées avec le
dispositif SpectroLive de la plateforme PhotoVivo, qui fait partie du réseau France Life Imaging
(FLI) et financé par le Contrat de Plan Etat-Région Grand Est 2015-2020 (CPER IT2MP :
Innovations Technologiques, Modélisation et Médecine Personnalisée) remercie le soutien
financier du Fonds Européen de Développement Régional (FEDER), de la Région Grand Est et

de la Ligue Contre le Cancer.
Développement du manuscrit
La thése est organisée comme suit :

Le chapitre 1 passe en revue les propriétés et la structure des différentes couches de la
peau, ainsi que les informations de base sur les carcinomes cutanés et les cancers de la peau. Il
décrit les principales étapes de la procédure de diagnostic du cancer de la peau utilisée en
clinigque et examine l'utilisation des méthodes optiques pour le diagnostic du différentiel des

carcinomes cutanés et des kératoses actiniques, y compris les méthodes multimodales.

Le chapitre 2 passe en revue les principales étapes du prétraitement et du pipeline de
traitement qui peuvent étre utilisées pour les données spectroscopiques, ainsi que les méthodes
les plus importantes qui peuvent étre utilisées pour chaque étape, y compris les méthodes
d'apprentissage automatique et de fusion de données. En outre, aprés avoir décrit le traitement
des donnees, ce chapitre aborde egalement les principales mesures de précision qui peuvent étre

utilisées pour évaluer les performances de I'analyse.
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Le chapitre 3 décrit le matériel et les méthodes de I'étude préclinique sur la peau de
souris ainsi que les résultats obtenus. Une attention particuliere est accordée a la comparaison
des performances de différentes combinaisons de techniques de réduction de la

dimensionnalité, de classification et de fusion de données.

Le chapitre 4 décrit le matériel et les méthodes de I'étude clinique sur la peau humaine
ainsi que les résultats obtenus. Une attention particuliére est accordée a la comparaison des
performances des différentes modalités ainsi qu'a la comparaison des résultats obtenus a la fois
avec les résultats de I'étude préclinique décrite au Chapitre 3 et avec les résultats obtenus par
les études diagnostiques des carcinomes utilisant des méthodes optiques unimodales et
multimodales décrites au Chapitre 1.

La conclusion générale et les perspectives résument les principaux résultats de I'étude

présentée et discutent des étapes possibles pour son amélioration future.
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General Introduction
Context of the work

In 2022, non-melanoma skin cancer (NMSC) was the fifth most common cancer type in
the world [1]. Basal Cell Carcinoma (BCC) and Squamous Cell Carcinoma (SCC) are the most
common types of NMSCs, accounting for 70% and 25% of cases respectively. Metastasis occur
in only 1 out of 14,000,000 cases for BCC and in less than 10 % for SCC [2], inducing an
overall 90%-five-year survival rate. The age-standardized incidence rate of NMSC increased
from 54.08/100,000 in 1990 to 79.10/100,000 in 2019 (+1.78 % per year) and, the number of
reported cases is increasing every year [3-5]. This increasing incidence entails an important

medico-economic burden.

Indeed, the standard procedure for of suspicious skin lesion diagnosis includes surgical
biopsy and histopathological analysis of the removed tissue samples [6, 7]. Thus, according to
[8], the ratio of biopsies to treatment increased from 1,1 in 1993 to 2,1 in 2016. In addition,
biopsy is invasive, long and expensive procedure which induce stress and scars and has low
diagnostic accuracy, since 20% of the biopsies only reveal skin cancers and two-thirds of the

carcinomas are not diagnosed.

Another important aspect is the assessment of healthy resection margins, which must
also be optimized as the cancer is not completely removed in one quarter of the cases.
Considering the number of patients with NMSC, this significantly increases the total economic
burden [8].

The use of optical methods (also refer to as optical biopsy) for skin examination may
provide diagnostic information within a few minutes (versus a few days for histopathology) and
can be used in vivo [6, 9, 10] (thus avoiding invasive procedures). These advantages make the
optical biopsy methods to be a promising diagnostic real time assistance tool for clinical
practice. The interest of optical biopsy methods lies in their sensitivity to modifications in the
optical properties of the skin at the tissue, cellular and subcellular scales which are directly
linked to pathological morphological and metabolic modifications during cancerous lesion

development.

For more than two decades now, different optical spectro-imaging methods have been
investigated for human skin cancer in vivo detection and/or diagnosis [9, 11, 12], among which:
(i) diffuse reflectance spectroscopy (DRS) [13-15] sensitive to the presence of absorbing

elements (such as chromophores, melanin and blood haemoglobin) in the skin and to
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morphological changes due to cancerous lesions, which impact the elastic scattering of light
(disappearance of the layered structure, disorientation of cells, modification of size nuclei), (ii)
autofluorescence spectroscopy (AFS) [16-18] and fluorescence lifetime imaging microscopy
(FLIM) [19] sensitive to microenvironments and cellular metabolism altered during tumor
progression, namely through endogenous fluorophores present in dermis (elastin, collagen) and
in epidermis (Flavins, Nicotinamide adenine dinucleotide), (iii) Raman spectroscopy (RS) [20—
24] which makes it possible to extract chemical and crystalline, structural and metabolic
information, which is linked to the vibrational state (inelastic diffusion) of the molecules
constituting the proteins and lipids of the skin, (iv) Hyper-Spectral Imaging (HSI) [25-27]
which combines high spatial and spectral resolutions, thus providing skin pictures with
enhanced spectral qualities for analyzing absorption and scattering features, (v) Reflectance
Confocal Microscopy (RCM) [28] and Optical Coherence Tomography (OCT) [29-31], which
Is an in-depth imaging modality being sensitive to the refractive index variations between the
various constituents in skin (organelles, cells, fibers, extracellular matrix). OCT provides
vertically oriented cross-sectional images at cellular level (for Line-field OCT) and down to
superficial dermis. However, there is no single method that provides information about changes
in all skin optical properties. This issue can be partially solved by using multimodal methods,
which involve the simultaneous use of several measurement methods in a single study [32,
33]. For instance, among the most studied multimodal approaches tested in clinical practice for
in vivo skin cancer diagnosis, DRS and AFS with one and several excitations were combined
[34-36] and RS demonstrated its further contribution to colocalized measurements in DRS and
AFS [33, 37, 38] or in OCT [39].

Our group of the CRAN laboratory has developed and patented a multimodal
spectroscopy medical device [40, 41] combining spatially-resolved DR and multiply-excited
AF spectroscopies which was implemented first in preclinical studies on mice skin cancer
models in vivo [42, 43]. Recently, our group also published a unique and fully open database
of more than 26000 DR and AF spectra, acquired on 131 patients in clinics, with BCC, SCC
and Actinic Keratosis (AK) lesions [44]. Consequently, processing and analyzing such complex
and multi-dimensional datasets involve major challenges. With the much larger number of
variables (i.e., numerous features compared to the number of individuals and the high levels of
intra- and inter-patient variabilities) advanced methods of Machine Learning (ML) and statistics

are necessary to tackle the curse of dimensionality, to mitigate overfitting and to extract relevant
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discriminant features. A solution for these challenges is required to reach an efficient
differentiation between different classes of skin pathologies.

Various supervised classification approaches such as Support Vector Machine (SVM)
[45-47], Logistic Regression [14], Discriminant Analysis [34, 43] and different variations of
Anrtificial Neural Networks (ANN) [13, 17] have been implemented to identify different types
of skin cancers based on AF and DR spectra. However, the performance of classifiers can
significantly vary depending on the parameter adjustments and the data to be analyzed,;
therefore, it is necessary to compare the performance of several classifiers and perform

hyperparameter optimization for each of them in order to improve results.

Another important aspect is the effective use of multimodal data. For this purpose, it is
possible to exploit Data Fusion methods, which have been successfully tested in preclinical
studies [46, 47].

The proper combination of spectroscopic methods of skin examination with data
processing, classification and data fusion methods is a rather complex task, requiring a large
number of preliminary tests and, consequently, large time costs. This is especially relevant in
context of clinical trials on human subjects, as the preparation of all necessary documents and
experiments often takes up to decades. In this regard, the development of methods for analysing
the obtained data on the data of preclinical studies is usually the best solution.

Taking into account all the mentioned difficulties, the following objectives have been
defined for this thesis:

1. To develop a methodology for processing and classification of multimodal
spectroscopic data, including the use of machine learning techniques, on spectra
obtained in a preclinical study on the skin of mice with benign and potentially
precancerous lesions.

2. To evaluate the effectiveness of the developed multimodal spectroscopic data
processing methodology on data obtained in a clinical study from the skin of people
with non-melanoma skin cancer or precancerous lesions.

3. To determine possible ways to improve the spectra processing and classification

methodology that can be used in the following stages of the relevant clinical study.
Specific context of the work

This thesis was funded by the French embassy in the Russian Federation under a

Vernadski international joint PhD grant (2021-2024) completed by the Université de Lorraine
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and the French National Research Agency (ANR) under the French PIA project “Lorraine
Université d’Excellence” (ANR-15-IDEX-04-LUE). The data used in this thesis were obtained
as part of the Spec-LCOCT project funded by the ANR (ANR-21-CE19-0056) and was carried
with the SpectroLive device of the PhotoVivo platform, which is part of the France Life
Imaging (FLI) network and funded by Contrat de Plan Etat-Région Grand Est 2015-2020
(CPER IT2MP: Innovations Technologiques, Modélisation et Médecine Personnalisée) thank
s to financial support by European Regional Development Fund (FEDER), Grand Est Region

and Ligue Contre le Cancer.

Thesis outline

The thesis is organized as follows:

Chater 1 review the properties and structure of different skin layers, basic information
on skin carcinomas and AK. It describes the main steps of the skin cancer diagnostic procedure
used in the clinic, and reviews the use of optical methods for NMSC diagnosis, including
multimodal methods.

Chapter 2 reviews the main steps of pre-processing and processing pipeline that can be
used for spectroscopic data, as well as the most important methods that can be used for each
step, including machine learning and data fusion methods. In addition, after providing the
description of processing of data, this chapter also discusses the main accuracy metrics that can

be used to assess the performance of its analysis.

Chapter 3 describes the materials and methods of the preclinical study on mice skin as
well as the results obtained. Particular attention is paid to comparing the performance of
different combinations of dimensionality reduction, classification and data fusion techniques.

Chapter 4 describes the materials and methods of the clinical study on human skin as
well as the results obtained. Particular attention is paid to comparing the performance of
different modalities as well as comparison of the results obtained both with the results of the
preclinical study described in Chapter 3 and with the results obtained by NMSC diagnostic
studies using unimodal and multimodal optical methods described in Chapter 1.

General conclusion and Prospects summarizes the main results of the presented study

and discusses possible steps for its future improvement..
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Chapter 1: Review of existing methods for the diagnosis of non-
melanoma skin cancer

1.1. Introduction

Development of new methods for non-invasive diagnosis of non-melanoma skin cancer
and precancerous lesions is an important task of modern science, as according to the number of
diagnosed cases is increasing every year. The main disadvantages of traditional NMSC
diagnosis methods are usually associated with the need for surgical biopsy, which is an invasive

procedure and requires large time and economic costs.

Optical methods can be a good alternative to conventional skin biopsy as they can be
applied non-invasively and are highly sensitive to changes in skin properties and structure due

to carcinogenesis.

This chapter will review the properties and structure of different skin layers, basic
information on skin carcinomas and AK, a description of the main steps of the skin cancer
diagnostic procedure used in the clinic, and an overview on the use of optical methods for

NMSC diagnosis, including multimodal experimental methods.

1.2. Clinical methods of skin cancer diagnosis

1.2.1. Skin structure and composition

The human skin is the largest organ of the body and accounts for about 10 per cent of
its total mass. Its main function is to protect the human body from external damages caused by
ultraviolet radiation, chemicals, allergens or microorganisms. The skin is important in

regulating body temperature and blood pressure and in addition, it is a sensory organ [48].

Human skin is a complex heterogeneous structure, which consists of three main layers:
epidermis, dermis and adipose tissue [48, 49]. The general scheme of skin layers is shown in
Figure 1.1. The composition and main functions of each layer are presented in more detail in

the next sections.
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Figure 1.1. Scheme of the human skin layers [49, 50].
1.2.1.1. Epidermis

The epidermis is the outer layer of the skin, with a thickness of ten to hundreds of
micrometres, and acts as a barrier [51, 52]. The epidermis can also be divided into several sub-

layers, which are shown in the Figure 1.2 [52].

Layers of the Skin
Layers of the epidermis: Stratum corneum
Stratum lucideum
Stratum granulosum
Stratum spinosum
Stratum basale

| Epidermis

Dermis

Hypodermis
A

Figure 1.2. Scheme of the epidermis sub-layers in human skin [52].
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The main outermost layer of the epidermis responsible for barrier function is the
Stratum Corneum (SC). It is mostly composed of keratin (a fluorescent protein) and
corneocytes, which are a dead keratinocytes. The thickness of the stratum corneum is about 20
micrometres in average, which is equivalent to about 20 up to 30 layers of flattened dead cells.
However, the thickness of the stratum corneum can vary from 10 to 40 um depending on the

mechanical stress on the concerned body area [51, 53].

The next layer of the epidermis is called Stratum lucidum. It is much thinner than the
SC later and consists of only about 2-3 cell layers. This layer is only prominent on the palms of
the hands and soles of the feet and provides additional protection against friction, which is

necessary for these areas of the skin [53].

Stratum granulosum or granular layer consists of 3-5 layers of keratinocytes with
keratohyalin granules and lamellar bodies. Keratohyalin granules are cytoplasmic structural
proteins which contain keratin precursor that eventually aggregate, cross-link and form bundles
[52, 53]. The lamellar bodies contain glycolipids that are secreted onto the cell surface and keep
the cells connected to each other. On the border with the Stratum Corneum, lamellar bodies are
secreted from keratinocytes into the intercellular space, while losing their nuclei and organelles.
Subsequently, this leads to the corresponding formation of dead keratin cells and lipid bilayer
in the SC.

Between the basal layer and the granular layer is the Spiny layer, which is 8-10 cell
layers thick. It is in this layer of the epidermis that keratin is synthesised. Immunologically

active Langerhans cells are also located in this layer [54].

The bottom layer of the epidermis is the basal layer, separated from the dermis by the
basal membrane and attached to it by junction structures called hemidesmosomes. The cells
found in this layer are mitotically active stem cells of cubic to columnar shape that continuously
produce keratinocytes. This layer also contains melanocytes that produce melanin (one of the

main chromophore in human skin) [53].
1.2.1.2. Dermis and Hypodermis

The next skin layer is the dermis, which represents the major part of the skin volume
and is mainly responsible for its trophic and supportive functions [53, 55]. The dermis is from
2 to 5 mm thick and consists of two main layers, the papillary dermis and the reticular dermis,
in which blood and lymphatic vessels can be found. It’s scheme is presented in Figure 1.3 [56].
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Figure 1.3. Scheme of the dermis sub-layers and hypodermis structure in human skin [56].

The papillary dermis, which gets its name from the "papillae” - the outgrowths by which
this layer of the dermis connects to the basal membrane, consists mainly of collagen fibres (one
of the two main fluorescing structural protein in skin) and blood vessels - capillaries, that help
to supply the epidermis with nutrients and regulate skin temperature. The network of elastin
fibres (the other main fluorescing structural proteins in skin) is also mainly located in this layer.
The main function of the papillary dermis is to make the skin elastic, stretchable and more stable
[53, 55, 56].

The reticular layer is the bottom layer of the dermis, which extends from the papillary
dermis to the hypodermis. This layer consists of collagen fibres that form a mesh-like structure
which provides additional elasticity to the skin [55, 56]. In addition, the reticular dermis

contains blood vessels, hair follicles, lymphatic vessels nerves and fat cells [55, 57].

The hypodermis or subcutaneous tissue is an inner layer that consists of fat, connective
tissue, larger calibre blood vessels, nerve endings, and lymphatic vessels. The main functions
of the hypodermis include the accumulation of fat cells and protecting the body from cold, heat,
as well as bumps and falls. In addition, blood vessels and nerves are connected to the skin

through the hypodermis [58].
1.2.2. SKin cancers

According to the International Agency for Research on Cancer [59], the total number of

reported cases of skin cancer in 2022 was over 1,500,000, representing 7.8% of the global
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number of reported cases of all types of cancer. Skin cancer can be divided into two main types:
Melanoma Skin Cancer (MSC) and Non-Melanoma Skin Cancer (NMSC).

MSC accounts for 21% of all reported skin cancer cases worldwide. At the same time,
MSC is responsible for 58667 deaths in 2022, which represents 46% of all skin cancer-related
deaths. Melanoma develops from melanocytes and is most often associated with sun exposure,
mainly intermittent and intense during childhood. In addition, pigmented nevi may be

precursors to melanoma.

NMSC is the fifth most common type of cancer in the world and occurs several times
more frequently than melanoma. At the same time, the number of deaths caused by this type of
skin cancer, normalised by the total number of cases, is more than 3 times lower than for
melanoma (5.6% vs. 17.9%, respectively). NMSC develops from keratinocytes, and has two
main forms: Basal Cell Carcinoma (BCC) and Squamous Cell Carcinoma (SCC), which will
be described in more detail in the following sections. The main cause of NMSC, as for MSC,
IS sun exposure. In addition, SCC can also develop from Actinic Keratoses.

In addition to the immediate increase in tumour size, skin cancer can also be invasive,
meaning that it can metastasise to surrounding tissues and organs. In such cases, more serious
and urgent treatment may be required, and the patient's likelihood of survival is reduced. All
this makes it necessary to accurately determine the invasiveness of the lesion. The risk of

invasiveness for melanoma (15%) is higher than for NMSC (from 2 to 14%).
1.2.2.1. Basal Cell Carcinoma

Basal Cell Carcinoma (BCC) accounts for at least 32% of all cases of cancer worldwide
and about 70% of all NMSC cases, making it the most common cancer worldwide. According
to most scientists [60-62], the most significant factor in the occurrence of BCC is chronic and
intensive UltraViolet (UV) light exposure. However, in contrast to melanoma, the chronic
nature of the exposure is more important than its intensity. At the same time, although exposure
to ultraviolet radiation is accepted as a critical causative factor in the pathogenesis of basal cell
carcinoma, the magnitude of the risk associated with increased exposure seems to be
insufficient to explain either why particular people get these tumours whereas others do not, or
the considerable phenotypic diversity shown by patients in terms of the number and site of
tumour and patterns of presentation. Other risk factors include heredity, radiation exposure,
burns, scarring, chronic inflammation and others. The likelihood of getting BCC is lower for

people with darker skin colour. The average age of patients suffering from BCC is over 60 years
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[4, 63]. BCC is characterised by slow growth and often develop over many months or even

years.

BCC can be located on different anatomical regions of the body, but about 80% of all
reported cases occur on the head and neck (as a consequence of higher sun exposure), with the
remaining BCC mainly lying on the trunk and lower limbs [64]. At the same time, the risk of
finding BCC on the backs of the hands is much lower. At the initial stage of development, BCC
lesions are commonly small, translucent or pearly, with raised areas through which dilated
vessels may show [65]. The classic form is the rodent ulcer, which has an indurated edge and
ulcerated centre [66]. The lesion grows slowly, but if it is neglected, it can spread deep and
cause severe damage, especially if it is located in the eye, nose or ear area. The periorbital

tissues and bones may also be affected.

There are different subtypes of BCC including nodular or cystic BCC, superficial BCC,
morphoeic BCC and pigmented BCC [67]. Superficial BCC tend to occur on the trunk. They
are often flat, well demarcated erythematous plaques, which can mimic psoriasis, discoid
eczema, and Bowen’s disease. Nodulocystic basal cell carcinoma presents as a solitary, shiny,

red nodule with large telangiectatic vessels, often seen on the face.

Patients with BCC lesions have an increased risk of developing other BCCs in future.
In a recent meta-analysis, the three-year cumulative risk of new cases of BCC varied between
33% and 77%, which may directly correlate with the number of lesions observed. In addition,
patients with BCC detected in the trunk area have a higher risk of having recurrent lesions
(hazard ratio 1.58) [64, 68, 69].

1.2.2.2. Squamous-Cell Carcinoma

SCC (Squamous-Cell Carcinoma) or cSCC (cutaneous Squamous-Cell Carcinoma)
usually appears as a hard growth with a scaly top, but can also form into an ulcer [70]. The
development of the disease often occurs within a few months. As for BCC, the most influential
cause of SCC is exposure to UV radiations [71]. lonizing radiation has also been implicated in
the pathogenesis of SCC as it was used to treat many skin diseases, such as acne, dermatitis,
and hemangiomas. Another important risk factor for SCC is the influence of chemical agents
[21].

SCC in situ may progress to invasive disease when it’s not completely treated in time.
Invasive SCC is characterized by invasion of the dermis by the neoplastic squamous epithelial

cells [71]. The invasiveness can take the form of infiltrating cords, sheets, or single cells, or can
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present as well-circumscribed nodules, squamous islands, or cystic structures composed of

malignant keratinocytes. Invasive SCC is more difficult to diagnose and treat.

Non-invasive forms of SCC include Erythroplasia of Queyrat and Bowen's disease [71,
72]. Bowen's disease is a form of cancer that develops only on the surface of the skin. It usually
occurs in old women and is characterised by the appearance of one or more distinct and
irregularly shaped red plaques on the trunk or legs. Erythroplasia of Queyrat is histologically
identical to Bowen's disease, but the neoplasm appears on the head of the penis, the labia minora
or the inner foreskin [71]. It is usually a red spot or plaque with clear borders and a shiny moist
surface. During carcinogenesis, the surface of the lesion becomes ulcerated and bleeds

profusely even with minor mechanical injuries.

For invasive SCC, a distinction is made between exophytic (tumour-like) and
endophytic (ulcerated) forms of cancer [73]. The exophytic form of growth is covered by a crust
or additional layers of SC cells and is usually represented by a plaque or nodule adherent to the
underlying tissues measuring more than 2 cm. As the tumour progresses, ulcers appear on the

surface of the tumour, indicating that it has become endophytic.

Unlike BCC, SCC has a higher risk of metastasis and may spread to local lymph nodes
[74]. The prognosis for SCC depends on several factors: the carcinoma subtype, the treatment
methods used, the location and severity of the tumour, and various variables related to the
patient’s condition (comorbidities, age, etc.). The long-term prognosis is generally positive, as
less than 4 % of cases of squamous cell carcinoma are at risk of metastasis [74]. If metastasis
does occur, regional lymph nodes are involved in approximately 85 percent of all cases;
approximately 15 percent of cases involve distant sites, including the lungs, liver, brain, skin,
and bone. Ten-year survival rates are less than 20 percent for patients with local lymph node

involvement and less than 10 percent for patients with distant metastases.
1.2.2.3. Actinic Keratoses

Actinic Keratoses (AK) are precancerous neoplasms that, like skin carcinomas, occur
predominantly on sun-exposed areas of the skin. Actinic keratoses can appear either as papules
whose size vary from 1 to 2 mm, or as large plaques [75]. In most cases, the diagnosis of AK
is based on the clinical appearance of the lesion. However, it can sometimes be almost
impossible to differentiate it from SCC and other pathological lesions without biopsy and

subsequent histological examination.
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Depending on the degree of development there are several classifications of AK,
however, almost all of them contain three stages. Olsen et al. recommended assessing the
severity of lesions by clinical presentation [76]. Another classification proposed by the
European Guidelines for the Treatment of AK and created by Réwert-Huber et al. arranges the
lesions according to the results of histological examination [77]. It is important to emphasise
that the degree of correspondence between clinical and histological grading is low, which

confirms the need to treat each AK regardless of the grade.

Actinic Keratosis is also a possible precursor to SCC [78, 79]. They can involute or
persist, and affected persons usually have many lesions, some of which may evolve into SCC.
The cumulative risk of having at least one invasive SCC in future varies from 2 to 6% in patients
with one lesion to 20,9% in patients with severe AK lesions [80]. Actinic keratosis has been
described as a type of carcinoma in situ, more precisely as a carcinoma involving only the
epidermis. From a therapeutic point of view, it may be impractical and unnecessary to treat each
individual keratotic lesion, but patients with many lesions should be followed closely so that

evolving SCC can be detected and treated in time.

If AK development is detected, the increased risk of new cases of AK and SCC in the
area close to the lesion focus, which is usually called Field Cancerization, should also be
considered, as this area is exposed to the same factors (especially UV exposure) as the lesion
itself.

1.2.3. Standard clinical procedure for skin cancer diagnosis and treatment

The direct determination of the type of skin lesion and further treatment is usually done
by a dermatologist. However, in some cases the diagnosis may be made by a general
practitioner, plastic surgeon or nurse [81, 82]. However, the first stage of the diagnostic
procedure for any specialist is the visual examination of the skin (lesion) combined with the
collection of anamnesis. The list of parameters, that should be evaluated and taken into account

when diagnosing skin carcinoma is presented in Table 1.1 [82].
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Table 1.1. Parameters used for NMSC diagnosis [82].

Parameters obtained from the literature Additional parameters mentioned by
[83-86] doctors
Patient related
Age Previous skin cancer cases
Gender Frequency of sun exposure
Skin type Frequent sun tanning
Excessive sun exposure Frequent holidays with sun exposure
Professional outdoors Sunburned during lifetime
Immunosuppressant use Solarium use (and frequency)
Patients after organ transplantation Skin cancer in direct family
Lesion related
Color
Scaliness

Keratotic surface
Confinement
Elevation
Size Itching
Speed of enlargement Shininess
Induration Presence of other signs of sun damage
Ulceration
Pain
Localization
Bleeding
Widened blood vessels

The most important parameters in making the diagnosis are "lesion related" such as
colour, size, bleeding, pain, elevation and the dynamics of the lesion. At the same time, taking
into account the other parameters can also help to make a more accurate diagnosis, as the chance
of different types of skin cancer correlates with age, gender, phototype, etc. However, even
considering all of the listed parameters may not always be sufficient without histological
analysis of the lesional tissues. In most of the clinical studies found, the values of accuracy,
Sensitivity (Se) and Specificity (Sp) exceed 80% [81, 82, 87-89]. At the same time, the study
[90] had a sensitivity of less than 40%, which makes it impossible to state clearly that the

accuracy of clinical trials is sufficiently high in all cases.
1.2.3.1.Dermoscopy

The standard visual examination can also be supplemented by the use of dermoscopy, a

non-invasive method of examining the skin using a special device called a dermoscope. The
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parts of dermoscope include the lighting or illumination system that usually consists of light-
emitting diode sources, magnification using achromatic lenses located in the faceplate of the
dermoscope and a power supply. All dermoscopic systems can be divided into polarisation and

non-polarisation types [91].

The principle of polarisation dermoscopy is to use two polarisation filters on the source
and detector held orthogonally at 90°. Light reflected directly from the skin surface retains its
polarisation and is completely blocked by the polarisation filter of the detector. In turn, the light
reflected from deeper skin structures loses its polarisation and phase and therefore passes
through the second filter. This configuration of the dermoscope allows the visualisation of
deeper structures of the skin up to a 100 micron depth [91].

Nonpolarized dermoscope of any type should be used in contact with the skin surface.
It provides better visualization of superficial structures such as comedones, milia-like cysts,
crypts, fissures, and scales. In turn, polarized dermoscopy is more conspicuous in viewing
deeper structures such as pigment network and vessels [91, 92]. Hence, both the modes are

complementary to each other for the better visual perspective of the lesions.

According to [93], the use of dermoscopy for NMSC diagnosis improves diagnostic

accuracy from 3 to 5% and can also narrow down the list of pathologies in differential diagnosis.
1.2.3.2. Biopsy and/or surgical treatment

In most cases, after a visual examination and history taking, a biopsy is performed to
take tissue samples for further histological analysis. The biopsy can be incisional, when only a
part of the lesion has to be removed to confirm the diagnosis, or excisional, when the entire
lesion is completely and deeply removed till the subcutis plane. Excisional biopsy is preferred
when a neoplasm is suspected [94, 95]. There are various methods of skin biopsy, and the choice
of any particular technigue depends on the type of lesion, the localisation of the lesion, and the
qualifications of the dermatologist. However, regardless of the type of biopsy, the procedure is

invasive and rather painful.

In puncture biopsy the lesion or area to be biopsied is punched out using a disposable
or sterilizable punch of varying sizes [94]. For non-facial lesions, a 4-mm punch is sufficient;
however, in granulomatous conditions or conditions with atypical features, biopsies of 5 mm
or more are preferable. It is advisable not to take less than 3 mm biopsies as vital features may
be missed in too small biopsies. The area is anaesthetized and the skin is stretched in a direction

perpendicular to the resting skin lines. Advantages of punch biopsy include ease of performance
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and obtaining uniformly shaped tissue. Disadvantages are that the material obtained may be
inadequate and often biopsy may not include deeper tissue. An example of punch biopsy is
shown in Figure 1.4 [96].
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Figure 1.4. The principle of Punch Biopsy [96].

During the shave biopsy the portion of the lesion that is above the level of the
surrounding skin is shaved off using a blade. Superficial lesions such as seborrheic keratosis
can be biopsied in this manner. However, it is better avoided as it does not include deeper

tissues.

Saucerization biopsy is ideal for vesiculobullous disorders and also for epidermal
neoplasms like seborrheic keratosis. In this technique, the plane of cleavage passes through the
reticular dermis and occasionally through the subcutaneous tissue [94]. This is performed using
a shaving blade. After anaesthetizing the area, the shaving blade is held between the thumb and
the index finger such that the blade is bent to form an arc. The blade is introduced through the
skin such that it goes through the dermis. The lesion is shaved completely in this manner and

the wound is dressed to heal by secondary intention.

Wedge biopsy is usually performed for large lesions where not only length and breadth
but also depth of specimen is important [94]. Hence, this technique is commonly chosen for
subcutaneous mycosis, margin of squamous cell carcinoma, tuberculosis verrucosa cutis, etc.
After anaesthetizing the skin, a stab incision in a “V” or a triangular shape is performed with
scalpel blade so as to extract a cone of tissue. Most often the lesion is left to heal by secondary

intention.
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The results of the histopathological analysis heavily depend on the quality of the biopsy
submitted to the specialist. Frequently, a poorly performed skin biopsy may cause the specialist
to make an incorrect diagnosis. The clinical information provided to the histopathologist also
influences the final diagnosis. To increase the accuracy of the diagnosis, samples are often sent
for analysis to two or more specialists. However, even if the diagnosis does not need to be
confirmed by other specialists, a skin biopsy (including histopathological analysis) is a rather
time-consuming procedure that is also at risk of human error. All this makes the task of
developing new non-invasive methods for diagnosing different types of skin cancer suitable for

mass screening quite urgent.
1.2.3.3. Histological analysis

The final stage of the standard clinical procedure for diagnosing a skin lesion is the
histological analysis of its tissue. For this purpose, tissue samples obtained after biopsy are

placed in formalin to preserve them during transport.

After obtaining tissue samples, the histopathologists proceed to the formation of slices,
for which the tissue sample is first placed in liquid paraffin, which hardens at room temperature.
Fixation of samples in paraffin allows to obtain the tissue slices with a few micrometres thick.
Then follows the staining of slices with various dyes, which allows to highlight the features of
the structure of tissues and cells. This stage provides the possibility of more detailed analysis
of morphological characteristics of the studied samples under the microscope. Based on the
results of microscopic analysis of the slices, specialists can make an accurate diagnosis and the

choice of treatment methods.
1.2.4. Present limitations and needs for clinicians

Despite the important advantages of the standard diagnostic procedure, such as a high
Recall value ( as almost all suspicious lesions are removed) and a relatively high correctness of
diagnosis (after histological analysis), it also has a number of limitations and disadvantages.
For example, it is virtually impossible to determine the exact type of tumour and the extent of
its spread by visual inspection, requiring biopsy and histological analysis that significantly

increase the time before the final diagnosis.

The procedure of taking a biopsy is quite painful and invasive. In addition, in the case
of excisional biopsy, an accurate assessment of the excision margins of the tumour is required,
as an erroneous assessment of safe margins may result in the need to repeat the biopsy. A

possible solution to this problem is to perform histological examination at the time of surgery
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(Mohs micrographic surgery, extemporaneous histological examination), however, even then,
the entire procedure can take several hours and be extremely uncomfortable for the patient.

It is also important to notice that biopsies are often used for any skin neoplasms that are
suspected to be skin cancer. Thus, the ratio of biopsies to skin lesions has increased from 1.134
in 1993 to 2.058 in 2016 [49].

Histological analysis, in its turn, requires careful handling of specimens and certain

equipment, which makes the diagnostic procedure even more expensive and time-consuming.

Thus, the development of new non-invasive methods that could be used both to
determine the type of skin lesion and to assess its boundaries is of great interest. A promising
solution to this problem is the use of optical methods.

1.3. In vivo skin Optical biopsy

. Optical methods of skin tissue in vivo characterization (also referred to as "Optical
Biopsy") are the subject of numerous developments and investigations for more than two
decades. Indeed, they can be a good solution that fulfils all of the criteria aforementioned (in
vivo, non invasive, real time, Se, Sp), as they are able to probe the modifications of the optical
properties of the skin related due to the physiological and metabolic changes along with the

development of cancer and precancerous pathologies.

1.3.1. Changes in skin optical properties related to the development of

carcinomas

As described in the previous section, cancerous and precancerous skin conditions have
a significant effect on the structure and the metabolism of I skin components at multiple scales
(sub-cellular to tissue). As a consequence, the optical properties of the skin, such as absorption,
scattering or intrinsic fluorescence, are significantly modified during carcinogenesis. Changes
in the scattering properties of the skin are usually associated with structural changes in different
layers of the skin, such as changes in cell size and shape, cell arrangement pattern and
nucleus/cell ratio. The absorption properties (and consequently the fluorescence) of the skin
depend mainly on the composition and concentrations of light absorbers in the measured
sample, such as collagen, elastin or haemoglobin, the concentration of which also depends on

changes in the structure of blood vessels in the lesional area.

Changes in skin properties and structure due to carcinogenesis occur in all affected skin
layers. For example, for the epidermis, a focal, atypical honeycomb pattern related to chronic
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sun exposure is observed in actinic keratosis, while a disarranged epidermal pattern and
ulceration are commonly observed in SCC. At the dermal level, dilated vessels may be observed
in NMSC, where they are typically horizontal and branching, surrounding the tumor island in
BCC and more irregular in SCC. Some other morphological variations at the dermal level
include bundles of lace-like collagen in actinic keratosis and SCC [97] and collagen bundles
surrounding dark silhouette in hypopigmented BCC [98].

It is important to note that optical properties also depend directly on the photon energy
and, therefore, on the wavelength. Thus, the choice of wavelength range and experimental
research method should be based on the changes in optical properties of biological tissue
components in this range and the possibility of detecting these changes using an appropriate
method. For example, the biophotonic features of collagen, elastin, keratin, melanin, NADH
and some other skin components are well studied in the visible and infrared (IR) ranges, which,
considering changes in the concentrations of these components during carcinogenesis, allows
using such methods as Raman spectroscopy or fluorescence spectroscopy for skin cancer
diagnostics. At the same time, the multilayer multicomponent structure of the skin makes the
interpretation of the obtained spectra rather complicated, as they contain a mixed signal
obtained from all skin layers and different structures in this layers. An example of absorption
and extinction (sum of absorption and scattering) coefficient spectra of some skin components
in the visible and near-infrared range is shown in Figure 1.5. It can be seen that even for the
presented components the absorption spectra may overlap, which makes the interpretation of

the obtained results a rather complicated task.
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Figure 1.5. Absorption index (solid curves) and transport extinction index (dashed
curves) of (1) melanin, (2) blood, (3) basic tissue, (5) oxyhemoglobin, and (6)
deoxyhemoglobin [99].

There are a large number of optical parameters that can be determined for biological
tissues [100], however, almost all of them cannot be measured in vivo, which makes them

difficult to use for non-invasive diagnostic tasks.

In most studies dealing with the determination of the optical properties of skin, the main
focus is placed on the determination of absorption and scattering coefficients, characterizing
the attenuation of light intensity in the tissue [101-103]. These parameters are sensitive to
changes in the structural and functional properties of the skin, and therefore can be informative
for the diagnosis of skin diseases, including skin cancer. However, according to [104] and [105],
the use of such parameters for skin cancer diagnosis in the visible and near infrared range is not
possible because the differences in the properties of healthy and cancerous tissues are not
statistically significant, which may be a consequence of the large variability of skin properties

depending on the anatomical site, phototype, as well as the age and sex of the patient.

Thus, the use of any one optical method or optical parameter alone may not be sufficient
for accurate diagnosis of NMSC due to complex skin structure and composition. At the same

time, it is of great interest to combine several complementary methods in one study, which
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allows to use a wider list of parameters for diagnosis that carry information about changes in
both skin structure and composition. Such studies are called multimodal studies and will be

described in more detail in Section 1.3.3.
1.3.2. Single modality studies
1.3.2.1. Spectroscopic methods

Optical biopsy methods can be roughly divided into spectroscopic and imaging
methods. The basis of spectroscopic methods is the measurement of intensity spectra which is
the dependence of one or more optical parameters (reflection, scattering, radiative and/or non-
radiative absorption) of a biological tissue on frequency or wavelength under specific
conditions. As it was mentioned earlier, the spectral shape of these spectra is quite sensitive to
changes in skin properties, therefore, spectroscopic methods can be used to diagnose various
pathologies, including skin cancer. However, for each method it is necessary to choose the
parameters of the source of radiation (wavelength, power, spatial resolution, etc...) as well as
the wavelength range of the measured spectra. In the case of skin cancers, numerous studies
reporting clinical tests of spectroscopic techniques such as fluorescence spectroscopy, diffuse
reflectance spectroscopy and Raman spectroscopy are considered in the next state-of-the art

paragraphs.
Fluorescence spectroscopy

Light-induced Fluorescence Spectroscopy or Intrinsic/Auto-Fluorescence spectroscopy
(AFS) is a sensitive tool whose accuracy in diagnosing skin cancer or other skin pathologies
depends on many factors, such as pigmentation, morphology, localisation and growth stage of
the lesions under investigation. Skin intrinsic fluorescence spectra contain information about
all these properties, which makes AFS a method of primary interest for diagnosing various skin

pathologies, including different types of skin cancers [10, 106].

The principle of AFS is based on the excitation of fluorescent molecules naturally
present in the biological tissues(skin fluorophores) capable of re-emitting light after the
absorption of photons of a certain energy. The excitation energy of fluorescence differs between

fluorophores, thus requiring the use of lasers with different wavelengths.

According to [107], the most contributing cutaneous fluorophores, such as collagen,
elastin, keratin and their cross-links, NADH and porphyrins, have fluorescence excitation peaks
in the 320-420 nm wavelength range, with the consequence that most studies on the use of AFS
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for skin cancer diagnosis use narrow band or monochromatic light sources in this wavelength

range.

When fluorescence from multiple skin fluorophores is simultaneously excited, the
resulting spectrum will contain contributions from each fluorophore. This approach can help to
increase the amount of information in the spectrum useful for classification, and thus increase
the resulting diagnostic accuracy. At the same time, the fluorescence signal from different
fluorophores may overlap, which can negatively affect classification accuracy. In addition, the
interpretation of the results is considerably complicated in any case. An example of AF spectra
measured on normal skin, benign lesions, BCC and SCC is presented in Figure 1.6 [16]. It can
be seen that the presented spectra of cancerous lesions are visually different from those of
normal skin and benign lesions. However, a deeper interpretation of the results is almost
impossible. Thus, the use of machine learning methods is usually necessary to separate

diagnostic classes based on AF spectra [18].
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Figure 1.6. Example of AF spectra of BCC, SCC, heathy skin and benign lesion [16].

The interpretation problem can be partially solved by using multiple sources of
fluorescence excitation with different wavelengths, which makes it possible to vary the
contribution of different fluorophores to the resulting spectra. Such an approach is used in [17],
where 4 different lasers in the spectral range of 340-850 nm were used to induce

autofluorescence for the diagnosis of BCC. The dataset consisted of 286 skin samples, 137 of
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which were identified as cancerous. The sensitivity and specificity obtained using a deep
learning feed-forward neural network were 62% and 83% respectively.

At the same time, melanin absorption also has a significant effect on the shape of the
autofluorescence spectra [108], as a consequence of which the accuracy of NMSC diagnosis
using AFS may vary for different skin phototypes. In [16], AFS with an excitation wavelength
peak at 410 nm and a spectral range of fluorescence acquisition from 430 to 716 nm was used
for the diagnosis of BCC, SCC, benign and precancerous lesions for different types of skin (I,
Il and I11). The maximum accuracy of the classification of cancers obtained was 93% for skin
type I, whereas for skin type Il and Il it was 89% and 78%, respectively. Benign and
precancerous lesions were classified with an accuracy of 100%, 46% and 27% in patients with

skin types I, 11 and 111, respectively.

Besides AFS, it’s worth mentioning that, in some specific cases of skin cancer diagnosis
and treatment, exogenous fluorophores or exogenously-induced fluorophores can be used for
photodetection and photodynamic therapy. Exogenous fluorophores are used when the skin
lesion is heavily pigmented. In such cases, the fluorescence signal is often too weak to be used
for diagnostic purposes. Hence, exogenous fluorescent agents used to enhance the fluorescence
signal from skin lesions are various forms of photosensitizers - drugs that selectively
accumulate in cancer cells and fluoresce under the influence of photons of a particular
wavelength. In addition, they produce a photodynamic effect that can be used for therapeutic
treatment of the examined tumours. Thus, diagnosis and therapy can be performed in a single

procedure, which could be very useful for clinical practice [10, 109].

However, the combined use of exogenous fluorophores for diagnosis and therapy is only
advisable if the specialist has reliable information that the skin lesion is malignant. The most
reliable method of diagnosis in this case is still the standard dermatological examination and
surgical biopsy. Therefore, the use of exogenous fluorophores during the initial diagnosis of a
suspicious lesion, which may be malignant, dysplastic or benign, is clinically non-optimal [107]
due to: (i) a significant complication of the diagnostic procedure, (ii) the increased time required
for the procedure, as accumulation of the drug in the skin lesion under examination can take up
to several hours, (iii) the necessity of an invasive application of the drug and (iv) low diagnostic

specificity.
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Diffuse reflectance spectroscopy

Diffuse reflectance spectroscopy (DRS) is another spectrally-resolved method that can
be used for rapid and non-invasive diagnosis of skin diseases. The DRS spectrum of the skin
mainly depends on scattering and absorption properties over a wide wavelength range.
Therefore, diffuse reflectance spectra obtained on skin contained information on the
morphology of normal or diseased cells and tissues as well as on differences in concentrations
of different endogenous skin components (e.g. haemoglobin, melanin, bilirubin and water)
which have absorption bands in the corresponding range. The use of DRS as a diagnostic tool
is based on the fact that many pathologies cause significant structural changes at the cellular
and subcellular levels that have a significant effect on the spectrum of diffuse reflected light [6,
10].

The principle of DRS is the illumination of a sample using a beam of light in a wide
wavelength range and the detection of the reflected light. The scattering centres beneath the
skin surface also have a significant influence on the spectrum. Analysis of differences in diffuse
reflectance spectra of normal and abnormal tissue allows researchers to obtain information
about changes in the geometry of internal scattering centres and, therefore, the corresponding
skin components [110]. In addition to scattering properties, the shape of DR spectra is also
significantly influenced by the absorption properties of haemoglobin and melanin [111, 112].

Therefore, the DRS technique applied to the diagnosis of skin pre-malignant and
malignant pathologies has been studied for more than two decades because it provides DR
spectra containing information both about the structure and the chemical composition of the
tissue under study. In addition, the instrumental implementation of DRS is relatively simple,
and as a result, this method is often used in research for the diagnosis of various diseases. The
main drawback of this approach is the difficulty of interpreting the results, which requires the
use of modern numerical methods. Examples of DR spectra of cancerous and benign skin

tissues are shown in Figure 1.7 [113].
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Figure 1.7. Example of DR spectra of cancerous and benign tissues [113].

In most studies focussing on the use of DRS for the diagnosis of NMSC, the visible
range was used, and the resulting sensitivity and specificity values exceeded 80% . In addition,
machine learning was used to classify lesions in almost all the studies found, which also

indirectly confirms the complexity of analysing DR spectra.
Raman spectroscopy

Raman spectroscopy (RS) is a method based on the inelastic scattering of
monochromatic light (usually in the visible or near-infrared range) which is used to analyse the
vibrational modes of molecules. The change in energy of photons due to their interaction with
the substance correlates with the difference between the initial and final vibrational energy
levels of the scattering molecule, providing information about the type of molecule and its
photon mode in the sample. In a Raman spectrum these variations appear as a series of peaks.
The positions and relative magnitudes of these peaks correspond to vibrational energies
associated with particular chemical bonds in particular molecules. Many molecules have
distinguishable spectra, so the Raman spectrum can be used to determine the molecular

composition of a sample with high accuracy [114].

The main advantage of Raman spectroscopy is the high interpretability of the results
and its main drawback is the low values of inelastic light scattering cross sections, which leads
to longer integration time, that makes in vivo studies more difficult for patients and medical
doctors. Moreover, the more complex design of the device to obtain acceptable values of signal-
to-noise ratio is another drawback [115]. In addition, the depth of photon detection for RS (from

tens to hundreds of micrometres) is quite small compared to AFS and DRS (up to 1-2 cm) [116].
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Despite these drawbacks, RS remains a powerful diagnostic tool for a wide variety of
pathologies, including NMSC.

At the same time, despite the relatively high interpretability of the results compared to
AFS and DRS, the separation of skin spectra obtained using RS can be a complex task requiring
the use of statistical or ML techniques. The examples of Raman spectra measured in different
types of cutaneous lesions are presented in Figure 1.8 [117].

Mean Raman spectra by diagnosis (500-1,800 cm™)

—MM f
----BCC \
——SCC A
——AK

24 —AN |
—BN : |}
—CN 3 |
-===IN Zi
N /

--- 8K f

Normalized Raman signal (a.u.)

s 7 i
= 4

bl
T T 1

: T I . I I - T I T I
500 600 700 800 900 1,0001,1001,2001,3001,4001,5001,600 1,7001,800
Raman shift (cm™)

Figure 1.8. Example of Raman spectra of cutaneous lesions of different types [117].

There are various studies on the use of RS for NMSC diagnostics both in ex vivo [20,
38, 118] and in vivo [20, 22, 23, 119, 120] format. Sensitivity and specificity in most cases also
exceed 80%.

A summary of the results of the search for articles on NMSC diagnostics using
Autofluorescence Spectroscopy, Diffuse Reflectance Spectroscopy and Raman Spectroscopy

is presented in Table 1.2.
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Table 1.2. Summary of the results of the search for articles on NMSC diagnostics using

spectroscopic methods.

Reference ‘ Sample types Number of samples Acc/Se/Sp (%)
Autofluorescence Spectroscopy
Bee 88 92/-/- (skin phototype I)
SCC 13 :
- 79/-/- (skin phototype 1)
[16] Pre-cancerous lesion 12 53/-/- (skin phototype 111)
Benign lesion 47 P yp
Healthy 119
BCC 137
[17] v 149 73/62/83
[18] gfvir(él gézz?e 843 -/94/94 (multiclass mode)
— -/93/96 (BCC vs Psoriasis)
Psoriasis 37
Diffuse Reflectance Spectroscopy
BCC/SCC 127
[13] AK/SK 50 92/92/92
BCC 19
[14] SCC 38 -/-1-
AK 14
BCC 59
[15] Normal 105 78/78/80
BCC 9
SCC 4
[121] MSC 1 86/87/85
Benign 13
(12 oo > 93/90/94 (BCC vs MSC+SCC)
MSC 12 82/83/80 (MSC vs SCC)
Raman Spectroscopy
BCC 28 94/94/94 (for both
[20] SCC 7 Normal vs BCC vs SCC+AK
AK 11 and
Normal 10 Normal vs BCC+SCC vs AK)
[22] Cancer/precancer 340 -/90/74 using spectra only
Benign 391 -/90/80 with demographics
BCC 50
[23] Normal 173 /90/92
BCC 9
SCC 4
[119] Scar 3 95/100/91
Normal 21
BCC 28
[120] SCC 7 78/-/- (multiclass mode)
AK 11 92/94/89 (Normal vs Rest)
Normal 53
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1.3.2.2. Imaging methods

Unlike spectroscopic methods, imaging methods make it possible to obtain images of
the surface of the skin or the structure of its layers in depth. As a result, these methods are also
well suited for the diagnosis of skin cancer. The most widespread research is on the use of
reflectance confocal microscopy, fluorescence lifetime imaging microscopy, multiphoton

microscopy, optical coherence tomography and multi-hyper-spectral imaging. Examples of skin

images obtained using the methods listed above are shown in Figures 1.9. and 1.10.

Figure 1.9. Images of human skin obtained from BCC lesion and healthy skin using
Reflectance Confocal Microscopy (A) [123], Fluoresce Lifetime Imaging Microscopy (B)
[124], Multiphoton Microscopy (C) [125] and Optical Coherence Tomography (D) [126].
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Figure 1.10. Images of human skin obtained from MM and using Multispectral Imaging
[127].

Reflectance Confocal Microscopy (RCM)

Reflectance Confocal microscopy (RCM) is an optical imaging technique for non-
invasive tissue imaging with higher resolution and contrast than conventional microscopy.
These advantages are obtained with the use of a point light source to illuminate the specimen
and by placing a hole between the tissue specimen and the detector, which rejects the multiple
scattered out-of-focus light, allowing only the out-of-focus light from the specimen to reach the
detector. This image is an optical slice reflecting a single focal plane in the sample under study.
By changing the focal plane or moving the sample, a series of images can be obtained at
different positions throughout the thickness of the sample, and by using optical sectioning, a

three-dimensional image of the sample can be obtained [128, 129].

RCM has been used for the diagnosis of NMSC [123] and melanoma [130-133] as well
as for the diagnosis of precancerous conditions [134]. The sensitivity and specificity values
were also up to 97.5% and 99%, respectively. In all cases, the data were manually classified
based on typical criteria for standard biopsies. RCM has a shallower depth of penetration than
OCT, but slightly better spatial resolution, as well as high contrast.

Fluorescence Lifetime Imaging Microscopy (FLIM)

The basic idea of Fluorescence Lifetime Imaging Microscopy is to excite the
fluorescence of a sample and measure the time interval during which the fluorescence intensity
decreases by a factor of e relative to its peak value. This time interval is called lifetime and has
different values for different agents, which allows to obtain information about changes in the
concentration of many different components of the sample under study. Unlike Fluorescence
spectroscopy, FLIM does not deal with fluorescence intensity, which makes it more suitable
for analysing samples containing several fluorophores with close emission spectra [135]. FLIM
has been successfully applied for studies on BCC [124, 136, 137], SCC [138] and MSC [135,
139] diagnostics.
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Multiphoton Microscopy (MPM)

In fluorescence spectroscopy and microscopy, excitation of fluorophores occurs by
absorbing a single and relatively high energy photon in the visible or ultraviolet range, as
contrast to MPM where excitation of fluorophores is based on the simultaneous absorption of
two or more photons of lower energy, typically in the near infrared region of the spectrum. For
efficient excitation of fluorophores by this method, extremely short laser sources with high peak

power and pulse duration in the range of tens to hundreds of femtoseconds must be used [140].

With MPM, only a very small volume of fluorophore is excited at the focal point,
enabling optical sectioning with subcellular resolution without the need for a confocal pinhole,
so that MPM can be used for imaging highly scattering tissues [140].

In addition to multiphoton excitation of fluorescence, the ultrashort femtosecond laser
is also effective for obtaining the nonlinear polarisation effect of second harmonic generation
(SHG) as a result of interaction with non-centrosymmetric biological structures such as
collagen and myosin [140-142]. Photons generated as a result of SHG have a wavelength being
exactly the half of the wavelength of the incident photon, as a consequence of which SHG
signals can be separated from fluorescence quite easily and provide contrast in the tissue
imaging. The structural sensitivity of SHG can also be exploited to detect collagen and myosin
structural transitions in normal and pathological conditions with higher sensitivity than that

achievable for conventional histology [140].

There are a few studies on the use of MPM for imaging different types of skin cancers
[125, 140, 143-145], but the number is smaller than for RCM or OCT, which may be related to
the fact that the devices needed for MPM are not widely available in medical and research
institutions compared to RCM and OCT.

Optical Coherence Tomography (OCT)

Optical coherence tomography is an interferometric method based on the registration
of scattering of probing radiation on optical inhomogeneities of objects under study with
measurement of the corresponding time delay and construction of a 2D or 3D images based on
the obtained data. OCT methods are commonly used to study the internal structure of biological
tissues in the near-IR wavelength range (800 - 1300 nm). This wavelength interval is also called
the "therapeutic transparency window™ because light scattering in this range greatly exceeds
absorption. When a bio-object is illuminated by near-IR radiation, the light penetrates into the
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medium to a depth of several millimetres, but most often data analysis for lesion classification

is performed for depth values not exceeding 1 mm.

There are different types of OCT systems. The first version of OCT was Time-domain
OCT (TD-OCT), the main technical feature of which was the fast translation of the reference
mirror of the internal interferometer, allowing for the axial time-dependent scanning of skin
[26]. Full-field OCT (FF-OCT) was developed based on TD-OCT. FF-OCT is characterized by
the ability to acquire “in face” skin images without the need to scan along the specimen [174].
Another method is Frequency- (or Fourier) domain OCT (FD-OCT). Its feature is the absence
of scanning of the reference mirror; instead, scanning is carried out by the wavelengths of the
source [175]. Finally, a recently invented technique is Line-field Confocal OCT (LC-OCT). It
combines the advantages of TD-OCT and confocal microscopy and provides 3D images of

tissue at high-resolution allowing to distinguish the cellular structure of the skin [176].

OCT has been used for diagnosis of NMSC [126, 146-148], melanoma [149, 150],
precancerous lesions [151], and for evaluation of tumour borders [152, 153] with sensitivity
and specificity up to 95%. The advantages of this technology include high spatial resolution, as
well as greater (compared to RCM) depth of sample sensing. The main drawback of OCT in
the context of its use for skin cancer diagnosis include high cost, and the lack of biochemical

information about the imaged skin layers.
Multi-spectral and Hyper-spectral Imaging

Multi-spectral imaging (MSI) is another imaging modality increasingly investigated
over the last decade by researchers in dermatology. MSI systems allow to image reflected or
transmitted light from the skin with high spatial resolution and in several spectral bandwidths.
Thus, this modality provides appropriate spectral resolution of interest to identify the
contribution of main chromophores such as melanin, hemoglobin, water, beta-carotene,
collagen and bilirubin. [154]. The main difference between Hyper-spectral imaging (HSI) and
MSI lies in the number of spectral channels (Figure 1.11). HSI uses almost continuous and
contiguous ranges of wavelengths (e.g. wavelength range 400 - 1100 nm in steps of 1 nm) whilst
MSI uses a subset of targeted wavelengths at chosen locations (e.g. in 400 - 1100 nm in steps
of 20 nm).
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Figure 1.11. Difference between RGB imaging, multispectral imaging and hyperspectral

imaging [155].

MSI systems can sequentially illuminate the skin in different spectral ranges and collect
the reflected light on the sensor. They can also sequentially filter the reflected or transmitted
light coming from the skin before it reaches the camera sensor. These two technological
approaches (active and passive) for light collection give systems pros and cons for their
applications in skin analysis: active illumination systems are typically based on light emitting
diodes (LEDSs), which are low cost, small in size, long-lasting and low power consumption.
This approach makes optical designs of active systems more compact than that passive systems.
However, passive systems provide continuous spectral sampling because they are based on
electro-optical devices such as liquid crystal or acousto-optic tunable filters [154, 156]. The
spectral range can be either at the visible wavelengths (VIS, from 380 to 780 nm) or the near-
infrared range (NIR, from 780 to 2500 nm).

The data provided by MSI systems are referred to as spectral cube, which contains all
spatial and spectral data of the analysed sample. Depending on how the spectral cube is
constructed, MSI devices are divided into different types [12]. All MSI systems designed for
skin analysis belong to the type of area scanning systems or snapshot imaging systems. The use
of MSI for melanoma diagnosis has been described in [157-159] and melanoma and AK in
[160]. The main advantages of using MSI as a skin diagnostic tool include the possibility of
imaging in a wide spectral range (although smaller than that of HSI). The main limitation is the
inability to take into account the contribution of internal skin layers in the resulting spectra, as
well as the loss of some information (in comparison to HSI) which makes analysing and
interpreting the results quite difficult. HSI as a diagnostic tool for skin cancer is described in
[161, 162] for melanoma, in [163] for NMSC and in [164] for NMSC and melanoma together.
A summary of the results of the search for articles on NMSC diagnostics using Imaging

methods is presented in Table 1.3.
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Table 1.3. Summary of the results of the search for articles on NMSC diagnostics using imaging

methods.
Reference ‘ Sample types ‘ Number of samples ‘ Acc/Se/Sp (%)
Reflectance Confocal Microscopy
[123] | BCC | 48 | -/97/89
Fluorescence Lifetime Imaging Microscopy
BCC 3
[124, 136] NaevLs 4 -/-1-
BCC 3
[137] AK 3 -I-I-
Bowen disease 3
Multiphoton Microscopy
[125] BCC 10 -/-I-
BCC 9
[143] SCC 6 -/-1-
Normal 14
Optical Coherence Tomography
[126] BCC 34 -/-I-
[146] S ! 711-1-
BCC 3 -/79-94/85-96
[147] AK 4 (Normal vs Lesions)
Benign lesions (BL) 4 -/60-100/60-91
Normal skin 20 (BCC/SCC vs Normal)
Multi-spectral and Hyper-spectral Imaging
BCC 67
[163] SCC 22 -/-1-
AK 5
BCC 19 -163/72
[164] Benign lesions (BL) 10 (MSC vs BCC + BL)
MSC 16 -/91/91
Normal 45 (All Cancers vs Normal)

1.3.3. Multimodal approaches

Most of the methods described in the two previous sections focus on a particular skin
property, or group of properties, while information about other parameters is either ignored or
used incompletely. Thus, only part of the full diagnostic potential of each method is inevitably
exploited by each method. There are two main ways to solve this problem. The first way is to
use several variations of a single approach or to combine several different approaches inasingle
method. Such methods are referred to as multimodal. The other way is a deeper and more
comprehensive analysis of the obtained information, which will be described in detail in the
second chapter. Another important aspect discussed in the second chapter will be the correct

combination of information obtained from multiple modalities.

55



Multimodal devices should provide the opportunity to measure samples at the same
points based on several different experimental methods. As a result, the creation of such devices
is associated with many difficulties, since each optical method has a certain set of components
that are not always possible to combine within the framework of one device and one optical
probe. One of the solutions to this problem is the use of fiber-optic probes, which, moreover,
can be used to measure different parts of the body due to their small size. However, the use of
such a configuration also significantly limits the list of methods that can be successfully
combined in one device. As a result, almost all of the studies found on the use of multimodal
spectroscopic systems for the diagnosis of skin cancer are based on various combinations of
AFS, DRS and RS.

AFS and DRS provide complementary information about the absorbing and dispersing
properties of the skin, which makes their use in multimodal systems extremely relevant. RS, in
turn, has a high interpretability, which is extremely important in a more detailed analysis of the
results obtained. At the same time, each multimodal system is unique, as a result of which it

will be analysed separately.

There are also several studies related to the use of multimodal imaging techniques for
the diagnosis of NMSC [165-169], however, the modalities used in some of these studies are
not complimentary to the changes in the optical properties of the skin that they can register.
Furthermore, due to the fact that the topic of this thesis is related to spectroscopic multimodal

methods, studies on the use of imaging modalities will not be discussed in detail.

In [170], a combination of AFS with an excitation wavelength of 340 nm and DRS, with
a halogen lamp light source with an emission range of 400-900 nm, was used. The data set of
24 patients contained benign (dermal nevi, compound nevi, dysplastic nevi) and malignant
(melanoma) lesions. When the methods were used separately in the diagnosis of melanoma,
sensitivity (77.8%) and specificity (93.3%) were similar for all methods. The best results
(sensitivity = 100%, specificity = 93.3%) in this study were achieved for the combination of
AFS and DRS, which shows the greater efficiency of multimodal systems compared to

unimodal systems.

In [35, 171] a similar method of skin lesions analysis was also applied; however, AF
spectra were acquired for excitation wavelength peaks of 365 nm, 385 nm and 405 nm. The
parameters of the source for obtaining DR spectra were unchanged. Another important change

is that the data set under study included more than 400 patients whose pathologies were
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classified as BCC, SCC, melanoma, and cutaneous dysplastic and benign cutaneous lesions.
Samples were compared in three bi-class classification ways: NMSC vs. benign, MM vs.
benign, and MM vs. NMSC. Sensitivity and specificity were 100% and 99.2% in the first two
cases, and 99.1% and 90.5%, respectively.

In [172], a combination of AFS with an excitation wavelength of 445 nm and DRS with
a wavelength range of 350-700 nm was used for the diagnosis of NMSC (BCC and SCC) and
AK. Classification was performed in three ways: normal vs BCC, normal vs AK and SCC, and
AK vs SCC. The highest values of sensitivity and specificity in all cases were 94% and 89%,
97% and 62%, and 100% and 50%, respectively, but only in the latter case did the combined
approach (DRS + AFS) show the best results. In other cases, the use of DRS spectra provided

the highest classification accuracy.

In [34], a combination of DRS (four sources: LED with emission wavelength 430 nm,
white light LED with 450-700 nm range, 750 nm and 850 nm near-infrared LEDs) and time-
resolved AFS with three excitation wavelengths (355, 375, and 395 nm) was used to diagnose

BCC. The resulting sensitivity and specificity values were 100% and 71%, respectively.

Another quite common combination of methods is the combination of RS and AFS. For
example, RS was used in the study of amelanotic melanoma, pigmented melanoma, and BCC
[37, 173, 174] with an excitation wavelength of 785 nm and an imaging range of 1800-1200
cmL. Therefore, analysis of the spectrum in the entire spectral range allowed considering both
AF and Raman spectral characteristics of the tissue under study. The best accuracy obtained for
discriminating all melanomas and BCC was 90%, and separation of two types of melanomas
was 82 %.

In [33], RS with an excitation wavelength of 830 nm and a spectral range of 1796 to 840
cm, AFS with an excitation wavelength of 337 nm and DRS with a spectral range from 330
to 690 nm were combined in one device. The dataset contained both NMSC and melanoma
samples, AK and pigmented lesions. The resulting sensitivity/specificity values were 100%/100
% for melanoma vs pigmented lesions and melanoma and pigmented lesions vs normal skin,
95%/71% for SCC and BCC vs AK and 90%/85% for AK and NMSC vs normal skin. All
analyses were also performed separately for each modality, but the combined approach showed
similar or better results in all cases. A similar approach is presented in [175]. A summary of the
results of the search for articles on NMSC diagnostics using Autofluorescence Spectroscopy,

Diffuse Reflectance Spectroscopy and Raman Spectroscopy is presented in Table 1.4.
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Table 1.4. Summary of the results of the search for articles on NMSC diagnostics using

multimodal methods.

Reference ‘ Sample types Number of samples Acc/Se/Sp (%)
Imaging methods
Nodular BCC 17
[165] Infiltrative BCC 10 -/-1-
Invasive SCC 10
BCC 5
[167] SCC 5 -/-1-
Normal 14
Benign 63
BCC
[168] SCC 53 97/98/95
MSC
BCC
[169] Normal 8 -/-1-
AFS and DRS
BCC 10
SCC 3
[34] AK 3 -/100/71 (BCC vs Normal)
Other lesions 11
Normal 27
ggg 14483 -/100/99 _
35, 171] MSC (BCC + SCC vs Benign)
Benign lesions 62 99790
Dysplastic lesions (MSC vs Benign)
BCC 18 -/94/89
SCC 34 (BCC vs Normal)
[172] AK 39 197/62
Normal 56 (AK + SCC vs Normal)
AFS and RS
BCC 40
[37] Melanoma 39 -/100/96 (BCC vs MSC)
Normal 79
BCC 120
[174] Melanoma 69 90/-/- (BCC vs MSC)
AFS, DRS and RS
BCC and SCC 57
MSC 12 (SCC +%0(/3(/: vs AK)
[33] AK 14 87/
Pigmented lesions 17 (AK + SCC + BCC vs Normal)
Normal 71
BCC 5 100/100/100
[175] SCC 5 for both BCC vs Normal
Normal 5 and SCC vs Normal
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Multimodal devices developed in CRAN

It can be understood from previous paragraph that most of the listed multimodal
methods were based on combining AFS with several excitation wavelengths and DRS using
optical fibre probes. As mentioned above, such multimodal methods provide complementary
information about changes in optical properties of the skin, which makes the development and
implementation of appropriate devices an extremely promising task.

Two devices combining AFS with different excitation wavelengths and DRS were
developed in our team. The first device did not have a commercial name and will be referred to
in this thesis as the Pilot device. The pilot device combined the ability to measure AF spectra
for seven different excitation wavelengths in the 360-430 nm range and DR spectra in the
visible range. A xenon lamp with an emission range of 300-800 nm was used as a light source.
A system of linearly variable band-pass filters was used to obtain narrow bands of
autofluorescence excitation. The configuration of the multiple fibre optic probe allowed all
spectra to be acquired for several different values of source-detector separation (SDS), which
is a very significant aspect, as increasing the distance between the source and the detector, the
proportion of photons with a greater penetration depth into the skin is also increased, which
makes it possible to obtain information about the condition of deeper layers of the skin. The
optical probe of the device allowed spectra to be measured for three SDS values: SDS; =
271um, SDS; = 536pum and SDS3 = 834um. The pilot device was used in the series of preclinical
studies to collect multiply excited AF and DR spectra from the skin of mice with light-induced
precancerous and benign skin lesions [42, 43, 46, 47]. The results of the latest study [47] will
be described in the third chapter of this thesis (first main contribution).

The next multimodal device developed by our team was the SpectroLive Medical
Device, which also provided the ability to capture AF and DR spectra in the visible range [40].
Five LEDs with excitation wavelengths in the range of 365-415 nm were used to obtain skin
AF spectra. The source for obtaining DR spectra, as well as for the Pilot device, was a Xenon
arc Lamp. In addition, as in the Pilot device, it was possible to measure spectra for several
SDSs: SDS: = 400pm, SDS; = 600um, SDS3 = 800um and SDSs = 1000pum. The SpectroLive
instrument was used to measure spectra in a clinical study of non-melanoma skin cancer in
humans, the results of which will be described in details in chapter four of this thesis (second

main contribution).
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1.4. Conclusion

The first chapter discussed the problem of diagnosing non-melanoma skin cancer, the
main diagnostic methods that are used in clinical practice, as well as promising alternative
diagnostic methods based on the use of optical technologies. The main advantage of choosing
optical methods instead of the traditional diagnostic procedure is the possibility of using them

for non-invasive diagnosis of skin lesions in real time.

Spectroscopic methods (and some imaging methods) are also highly sensitive to changes
in the optical properties of the skin due to carcinogenesis, which makes them promising for
diagnosing a wide range of pathologies. At the same time, the high sensitivity of optical
methods can be a disadvantage, as the optical properties of the skin vary considerably
depending on the individual characteristics of the patient and various influences on the skin
throughout his life. All this, together with the noise introduced by the device, makes it
impossible to visually diagnose NMSC from spectra and skin images obtained from a large

number of different patients.

There are many solutions to the problem of the great diversity in the optical properties
of the original skin samples, and as a consequence, of the shapes of spectral curves or image
content, but all of them in one way or another lead to the use of different data processing
methods. Data processing methods consists of several treatment steps and can produce both
positive and negative effects on the interpretability and informativeness of the results. However,
a properly selected combination of processing methods and appropriate parameters can allow
to significantly increase the accuracy of disease diagnosis. All this makes the processing of

experimental data as important as the acquisition of data.

This is especially relevant for optical methods such as AF and DR spectroscopy, as these
methods are highly sensitive to changes in skin properties and structure, but also have low
interpretability due to the complex structure of the skin and the fact that the fluorescence and
absorption peaks of many skin components overlap. Thus, the choice of spectra processing
methods needs to be given special attention. As a consequence, the second chapter of the thesis
will focus on the use of different data processing methods, to improve the accuracy of NMSC
diagnosis. The main focus of the second chapter will be on methods that can be used to process
AF and DR spectra, as these methods have been used to increase the performance of the analysis

of skin lesions spectra described in chapters three and four.
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Chapter 2. Spectroscopic data processing and analysis methods

2.1. Introduction

The first step after obtaining the experimental data is the processing of the spectra to
facilitate their analysis. Depending on the purpose of the study, the list of processing methods
used may be very different, but in most publications the description of this stage distinguishes

two main steps: data preprocessing and data processing.

The output of the data preprocessing stage is a set of data ready for extracting and
analysing the information needed for the spectrum analysis. This step is of high importance
because many data processing methods are very sensitive to the quality of the input data, as a
result, the accuracy of the final analysis of the study can be significantly reduced if the
algorithms and approaches for pre-processing the raw data are not properly chosen.

Data processing methods most often include a variety of methods of machine learning,
as well as some statistical methods. All Machine Learning (ML) methods can be divided into
two main groups - supervised and unsupervised ML methods. In addition, it is customary to
distinguish deep learning methods as a specific subcategory of ML methods.

Data processing methods are quite a versatile tool suitable for working with almost any
numerical data, which makes their application in spectroscopy highly relevant. However,
spectroscopic data have several peculiarities, such as a relatively large number of features (most
often from several hundred to several thousand) with a small number of samples, which is
especially significant for clinical studies, where researchers often have to deal with the lack of
available samples. In addition, the spectra obtained can often be very noisy, which further
complicates their analysis and makes the use of data processing techniques, including machine

learning methods, necessary.

This chapter will discuss the main steps in the spectroscopic data preprocessing and
processing pipeline and the main methods that can be used for each of the steps, including so-
called data-fusion approaches that allow more efficient aggregation of results obtained in
multimodal studies. In addition, after providing the description of processing of data, it is
necessary to define the main accuracy metrics that can be used to assess the performance of its

analysis.
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2.2. Pre-processing of raw data

The main stages of spectroscopic data preprocessing are: noise removal and filtering,
data normalization or scaling, outliers detection and management of features. This last step
includes feature extraction and feature selection methods as well as their combinations. Besides,
depending on the type of data, other steps can be added. For example, when combining multiple
technologies in a single device, it is necessary to make adjustments to the received signal to

consider the effects on the signal from different optoelectronic components of the device.

2.2.1. Noise removal

In signal processing, noise is a general term for the unwanted (and, in general, unknown)
changes in signals that they may undergo during capture, storage, transmission, processing or

conversion [176].

Removing noise is one of the most important stages of data preprocessing, since the use
of heavily noisy data can significantly reduce the efficiency of the analysis. In many modern
devices, the installed software allows to remove the main types of noise associated with the
detector (dark noise) or directly with the signal transmission (read noise). One of the main
methods is to increase the exposure time, but this way to proceed also entails a decrease in
spectral resolution. Therefore, the exposure time should be chosen based on the wanted Signal
to Noise Ratio (SNR) and spectral resolution. Another way to reduce the influence of noise is
to subtract a reference signal from the measured resulting signal [177]. These methods often

complement each other.

A rather primitive method of removing noise, which is already used in the case of
“manual” data processing, is to set a minimum threshold for the data value. All signal below
this limit is considered as noise. This approach can be used effectively only in situations where
the signal under study is discrete or it is known in advance that the “peak” values of obtained
spectra are the most informative, while the rest of the information is much less important. In
Raman spectroscopy, it is also necessary to consider the influence of cosmic rays; however, this

point will not be considered in this section.

However, it is not always possible to remove all noise by simply subtracting the
recorded noise, so filtering methods must be used. In a general sense, filtering is the procedure
of removing unwanted components from signals, which are most often understood as time

series. There are a large number of different filtering methods and also ways of their
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classification: filters can be analogue and digital, infinite impulse response and finite impulse

response, passive or active etc.

At the same time, consideration of all listed classifications of filters does not make
sense, because in processing of AF and DR spectra the application of filters is limited to two
main goals - removal spikes from the obtained spectra and subsequent smoothing. Some
examples of filters that can be used for spike removal and smoothing are the median filter and
low pass (average) filtering using convolution kernels. In addition to filtering methods, down
sampling can also be used for smoothing purpose. An example of spectra before and after

removing noise from them is shown in Figure 2.1.
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Figure 2.1. Example of spectra before (a) and after (b) removing of noise.

2.2.2. Outlier removing

After removing noise from the data, it is also necessary to check whether outliers are
present in the data and, if so, remove them from the set of spectra. This step is also very
important, because machine learning methods when training models usually do not use the
whole data set, but some part of the samples selected using statistical criteria that underlie the
algorithm. The presence of outliers among such samples can have a very negative impact on
the efficiency of the subsequent application of the model.

According to [178] there are three main types of outliers:

e Point outliers;
e Collective outliers;

e Contextual outliers;
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Point outliers (see Figure 2.2) are instances of data that can be considered to be
abnormal with respect to the rest of the data. This type of outlier is the most common, and as a
result most outlier removal studies and approaches are recognised to deal with point outliers.
An example of a point outlier is a spectral curve that has a shape significantly different from all

other curves in the dataset.

Collective outliers, may be indistinguishable from the rest of the dataset in terms of
statistical criteria, but when considering a set of multiple measurements, it can be inferred that
they are outliers. An example of collective outliers is the presence of multiple spectra in a data
set with an additional fluorescence peak in a region (e.g., resulting from a failure to follow a
protocol for measuring spectra for multiple samples). Examples of point and collective outliers

are shown in Figure 2.2.
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Figure 2.2. Collective and Point outliers [178].

Contextual outliers may be indistinguishable from “the ordinary” data in terms of
statistical metrics, but in terms of context, as determined by the structure and properties of the
dataset as well as the formulation of the problem to be solved, these instances should be
considered as outliers. An example of a contextual outlier would be an air temperature value of
0°C. For cities in eastern France, such a temperature value may be normal in winter, but a
similar value obtained in summer for the seasonal dependence of temperature would be a

contextual outlier.

Removal of outliers is a necessary step to improve the quality of the analysed results,

however, finding out and explaining the causes of appearing outliers is an extremely important
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part of the data pipeline, as it can help to interpret the obtained results and to significantly
increase the quality of the results obtained in the future.

2.2.3. Normalization, Standardization and Scaling

Data cleaned of noise and outliers may still be unsuitable for analysis by various
statistical and machine learning methods, due to the fact that these methods are extremely
sensitive to the scale of the data, and may also exhibit significantly reduced efficiency if the
data is not optimally represented. To address this problem, Normalisation (which is also

referred to as Feature scaling) and Standardisation are commonly used in signal processing.

According to the most common definition, normalization is a method of pre-processing
numerical features in the data sets under study in order to bring them to some common scale
(usually between 0 and 1) without losing information about the differences in their range [179].
The use of normalization is necessary when analysing the set of data with different units or
scales. Standardization, on the other hand, rescales the values to have a mean of 0 and a standard
deviation of 1, changing the original value distribution and relative value distances. This is
beneficial when comparing data with different means or variances, when applying machine
learning algorithms that assume a normal distribution or when implemented algorithms are
sensitive to the scale of the data. In this context, the most common normalisation methods are

Standard Scaling and MinMax Scaling:

e The Standard Scaler standardizes the data by subtracting the mean value and then
scaling the entire signal to the unit variance, which implies dividing all values by the
standard deviation.

e For each feature in the set of data, MinMax Scaler subtracts the minimum value of the
feature and then divides by the range. The range is the difference between the original
maximum and the original minimum. The MinMax Scaler preserves the shape of the

original distribution. It does not change the information in the original data [180].

The methods described above are inherently feature scaling and, if applied to spectra
processing, should result in a change in the shape of the spectral curve. However, the definitions
of normalisation, standardisation and scaling in spectra processing are slightly blurred, so that
dividing a spectrum by its maximum value, wavelength ratio, or, for example, by some
reference spectrum, may also refer to normalisation, standardisation and scaling. For example,
in [33], Tunnell et al. uses standardisation of AF and DR spectra by the ratio of the maximum

intensity and the average parameter calculated for an averaged spectrum of healthy skin over
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the entire spectra acquisition range (for AF spectra) or in the 630-690 nm range (for DR
spectra). An example of the impact of such a standardisation method is shown in Figure 2.3
[33].
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Figure 2.3. Example of normalisation to intensity ratio for AF and DR spectra [33].

The high sensitivity of data analysis methods to the scale of the original data can not
only lead to an improvement in the quality of the analysis results after applying standardisation
or normalisation, but also to its degradation. As a consequence, the correct choice of

normalisation method for each type of data is very important.

2.2.4. Dimensionality reduction

Once the data have been cleaned of noise and scaled, some data analysis techniques
become feasible. However, many classification and regression methods perform much worse
on data containing a large number of features and relatively small number of samples. In

addition, analysing large datasets is time-consuming and computationally intensive.

In statistics and machine learning, features are usually understood as any measurable
properties of samples involved in the analysis (e.g., intensity for different wavelengths in the
spectrum). The problem of effective reduction of the number of features is solved with the help
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of dimensionality reduction methods, the main function of which is to decrease the number of
features with the maximum possible preservation of useful information. Dimensionality

reduction methods can be divided into Feature Selection and Feature Extraction methods.

However, instead of using Feature Selection and Feature Extraction methods directly
for pre-processed spectroscopic data, “a priori” parameters or features such as total area under
curve, peak intensity ratios or peak widths at half-height, the slope of the spectral curve in areas

of decreasing or increasing intensity, can be extracted directly from the spectral curves [170].

It's also important to note that when analysing multi-component structures of complex
composition, such as human skin, the shapes of the obtained spectral curves can vary greatly
depending on individual patient characteristics such as age, phototype, anatomical site and the
degree of sun exposure of the measured skin area during the patient's lifetime. All of these
parameters have a significant influence on the composition and properties of the skin and,
consequently, on the shapes of the spectral curves, so that sensitive spectroscopic techniques
such as AF and DR spectroscopy most often require the use of Feature Selection or Feature

Extraction methods.
2.2.4.1. Feature selection methods

All Feature selection methods are based on the idea that the original data contain a large
number of redundant or irrelevant features that can be removed without much loss of
information. Thus, Feature selection methods do not globally change the features themselves,
but only remove those that do not carry statistically significant information or do not improve

the model.
All Feature Selection methods can be divided into [181-183]:

e Filter methods, which select features based on a performance measure regardless of
the data processing algorithm used (e.g. Variance Threshold);

e Wrapper methods, which evaluate a subset of features based on the performance of
the processing algorithm (e.g. feature selection based on fitting accuracy);

e Embedded methods, which perform feature selection during the execution of the
processing algorithm (e.g. the use of Lasso regularization).

e Hybrid methods, which have been proposed to combine the best properties of filters

and wrappers.
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The main advantage of feature selection methods over feature extraction methods is
preserving data characteristics for interpretability, since extraction of features implies a
transition to a new feature space. At the same time, feature selection methods are often

characterized by less discriminative power than feature extraction methods.
2.2.4.2. Feature extraction methods

Unlike Feature selection methods, Feature extraction methods do not remove the least
significant of the features, but transform the entire dataset into another feature space with the
maximum possible preservation of useful information. The most common methods of
dimensionality reduction used in the processing of spectroscopic data include algorithms such
as principal components analysis (PCA), independent components analysis (ICA), t-distributed
Stochastic Neighbor Embedding (t-SNE), and uniform multiverse approximation and
projection method (UMAP) [184-186].

In mathematical terms, PCA is an orthogonal linear transformation that transforms data
from the original feature space into a new space of lower dimensionality [187]. In this case, the
new axes of this space, which are called principal components, represent an orthonormal basis
in which different individual dimensions of the data are linearly uncorrelated. At the same time,
the first (and each subsequent) axis of the resulting coordinate system is constructed in such a
way that the dispersion of data is maximized along it [188]. An example of the realisation of

this idea is shown in Figure 2.4.
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Figure 2.4. Illustration representing two first principal components for a two-dimensional

original feature space.
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One of the disadvantages of PCA is that the transformation is linear, which does not
work well in all cases. This problem can be solved by using a kernel PCA. Kernel PCA uses a
kernel function to project dataset into a higher dimensional feature space, where it is linearly
separable. It is similar to the idea usually used for Support Vector Machines, which is the most
famous method that uses the “kernel trick” [189, 190].

Nonlinear dimensionality reduction can be done in several ways. For example, a low-
dimensional surface can be transformed on a high-dimensional space so that a nonlinear
relationship among the features can be found. In theory, a lifting function can be used to map
the features onto a higher-dimensional space. On a higher space the relationship among the
features can be viewed as linear and therefore is easily detected. This is then mapped back on
the lower dimensional space and the relationship can be viewed as nonlinear [191]. A close
alternative to this approach is the use of kernels, which was mentioned earlier. Another
approach to nonlinear dimensionality reduction is the use of manifolds. It is based on the
assumption that the data lie on a nested nonlinear manifold, which is smaller in dimension than
the original data space, and lies within it. Such methods include Isomap, described in detail in
[192].

The t-SNE algorithm consists of two basic steps. At first, t-SNE generates a probability
distribution dividing high-dimensional objects into pairs such that similar objects will have a
larger probability value, while the probability of selecting non-similar objects will be small.
Then t-SNE determines a similar probability distribution over the points already in low-
dimensional space, and then minimizes the Kullback-Leibler distance, taking into account the
position of the points [193, 194].

UMAP was created to improve the t-SNE algorithm and is very close to it in essence.
The principle of this method is to use the concept of k-nearest neighbours and optimize the

results using stochastic gradient descent [195].

2.2.5. The use of machine learning methods at pre-processing stage

In addition to the statistical methods described in this section, machine learning methods
can also be applied at each stage of data preprocessing. However, when using machine learning
methods for noise removal and filtering, it is often necessary to pre-train appropriate machine
learning models using pairs of noisy and clean data, which is not always possible since noise

free data are not available in numerous applications. When using ML models for outlier

69



removal, it is sometimes possible to use unsupervised learning approaches such as clustering,

but outlier removal based on such a strategy must be explicitly or implicitly justified.

The application of autoencoders for Feature Extraction is quite promising. An
Autoencoder (AE) is a simple linear network that is trained without a supervisor and is based
on the backpropagation method. The structure of the simplest autoencoder is shown in Figure
2.5.

Figure 2.5. Main structure of Autoencoder with one hidden layer.

The main principle of operation and training of the autoencoder is to obtain on the output
layer the response as close as possible to the input signal. In this case, for the solution not to be
trivial, all inner layers of the autoencoder should be smaller than the outer ones. Thus, by
training the autoencoder, it is possible to obtain a transformation of the original data into a new

feature space of the same size as the smallest layer of the autoencoder.
2.3. Data processing

The next important step in the pipeline is data processing, which involves transforming
the acquired data into meaningful information in accordance with the purpose of the research.
The list of possible data processing operations at this stage is quite broad, but the main step is
almost always the application of machine learning techniques such as supervised/unsupervised
classification or regression. In the context of our work, we are more particularly interested in
the AF and DR spectra supervised classification of skin tissues based on the histopathological

classification of reference.
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2.3.1. Supervised Classification

Machine learning methods used in the frame of optical biopsy studies are most often
used to solve the classification problem. Classification is the process of assigning a sample to
one of the predetermined sets, called classes. The list of the classes is determined by the
application and the task to be solved. Machine learning methods in this case perform the role
of a classifier - an algorithm capable of classifying an arbitrary object similar to those used in
the training process. Failure to comply with this rule (for example, due to a different set of
operations for data preprocessing between the data on which the model was trained and tested)
leads to a significant reduction in the effectiveness of the classifier. In addition, like other data
processing and analysis methods described above, classifiers are extremely sensitive to the

quality of the input data, as well as to the set of hyperparameters under which they operate.

Numerous methods have been used in optical biopsy studies to solve the classification
problem, such as Support Vector Machine (SVM) [45], Discriminant Analysis (DA) [122, 196],
Logistic Regression (LR) [14, 33, 172], Decision Trees [162, 197] and deep learning methods
[13, 17, 157, 198], the most basic of which is the Multilayer Perceptron. It is also worth
considering Ensemble classifiers [199], the main idea of which is to synthesise a common

prediction based on the use of several simple algorithms.
Support Vector Machine

The main idea of the support vectors machine is to find the dividing hyperplane in the
feature space that can maximally separate two classes. A hyperplane is an N-1 dimensional
subplane in an N-dimensional Euclidean space, which linearly divides the space into two
separate parts [200]. In the case of linearly separable data, once the optimal separating
hyperplane is found, the data points lying on its boundary are called reference vector points,
and the solution is represented as a linear combination of these points only. Other data points
are ignored. Thus, the complexity of the SVM model does not depend on the number of features
found in the training data (the number of reference vectors selected by the SVM learning
algorithm is usually small). For this reason, SVM is well suited for training problems, where
the number of features is large relative to the number of training instances. At the same time,

the original SVM is a binary classification method for linearly separable data.

Nonlinear separability of data using SVM is possible by using a “kernel trick”, the essence of
which is the implicit mapping of input data into a new multidimensional feature space [201].

The basic idea of the kernel trick is to translate linearly indivisible data from the original feature
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space into a new space of higher dimensionality where this data can be linearly separable.
Polynomial kernel and Radial Based Function (RBF) are most commonly used instead of linear

kernel. An example of using the kernel trick with a polynomial kernel is shown in Figure 2.6.

2D 3D

Figure 2.6. Example of using the kernel trick with polynomial kernel.

SVM is originally a binary classifier, which means that in its raw form it can only be
used to separate samples into two classes. As a consequence, when using this method for
multiclass classification, special solutions must be used. There are two main approaches for
performing multi-class classification using SVMs: "one-vs-one” (OVO) classification and
"one-vs-rest” (OVR) classification, but these approaches are common to all binary classifiers.
The essence of the OVR approach, also sometimes called one-vs-all (OVA), is that each class
is compared to a combination of all other classes in turn, and then the results are generalized.
In OVO, each other class is opposed to each class, after which the results of all binary
classifications are also summarized. Obviously, OVO requires much more computational
resources when the number of classes is larger than 3, but in some cases it can work somewhat
more accurately. An alternative way to create a multi-class SVM by combining binary
classifiers is the Binary Decision Tree [202], which is to build a hierarchy of multiple two-class
SVM classifiers as shown in Figure 2.7. It is also important to note that similar strategies can

be applied to other binary classifiers.
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Figure 2.7. Example of Binary Decision Tree implementation for a dataset with six classes.

It is also important to note that multiclass implementations of SVM also exist [203—
206]. Their implementation shows similar results compared to methods combining multiple
two-class classifiers, and in some cases even outperforms them [207, 208]. However, the
implementation of a multi-class SVM requires more time and computational cost than the

implementation of a two-class method.

In addition, it should be noted that SVM in any variations is very sensitive to the scale

of the data, which requires a careful choice of the pre-processing methods.
Discriminant analysis

Linear discriminant analysis (LDA) is a generalization of Fisher's linear discriminant
analysis [209]. The main idea of LDA is to find a linear combination of features that
characterizes or separates two or more classes of data. The resulting model can be used as a
classifier or, more commonly, as a dimensionality reduction method before subsequent
classification. LDA is closely related to PCA as both methods are looking for linear
combinations of variables that best explain the difference between data points in the initial
dataset. The principal difference between the methods is that LDA explicitly tries to model the
difference between classes of data, while PCA, in contrast, does not account for any class

differences.
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A closely related classifier to the LDA is the quadratic discriminant analysis (QDA).
Both LDA and QDA are based on Bayes' rule [210]. If the QDA model assumes that the
covariance matrices (matrices composed of the pairwise covariances of the elements of one or
two random vectors) are diagonal, then it is assumed that the input data are conditionally
independent in each class, and the resulting classifier is equivalent to a Gaussian naive Bayesian
classifier. LDA, on the other hand, is a special case of QDA, for which it is assumed that all

classes have the same covariance matrix.

The advantages of the method are the simplicity of implementation and interpretation
of the results, as well as the low sensitivity to scaling. The main disadvantage is that for complex
data with a large number of mutually dependent features, this classifier may not be applicable.

It is also important to note that LDA, like SVM, is a binary classifier, so when using

LDA for multiclass classification tasks, it is also necessary to apply OVO or OVR techniques.
Logistic regression

Another example of a binary classifier (in its original form as well), is logistic regression
(LR), which is a statistical model that models the probability of one event out of two alternatives
[211, 212]. In this case, the logarithm of the probability of a particular outcome for an event is
a linear combination of one or more independent variables. The process of learning in this case
implies the selection of coefficients at given variables, which consists in maximizing the
likelihood function (maximum likelihood method). The name of the method comes from the
logistic function that transforms logarithmic coefficients into probability. Most often, this
method also includes the use of regularization (see Section 2.2.2) to avoid overfitting the model.
For multiclass classification, the OVR approach is used.

LR is one of the simplest and best known supervised machine learning algorithms,
however, this method is not always suitable for analyzing large datasets without explicit

separability.

The main advantage of the method is the comparative ease of implementation and
interpretation of results. It’s disadvantages include high sensitivity to the type of feature

distribution.
Decision Trees

The decision tree (DT) [213] is a node-based hierarchical structure, where at each node
the classified data set is divided according to some decision rule [214]. Accordingly, all the
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“branches” coming out of each node represent a test result, and each final node represents a

“leaf” associated with a class label.

The main advantage of decision trees is simplicity for understanding and interpreting
the results. Moreover, DTs can be combined with other classification methods. However, DTs
often have relatively low accuracy and low stability, because with a small change in the dataset
used to train the classification model, the decision tree structure can change significantly. In
addition, single trees often exhibit a tendency to overtraining A solution to this problem is

possible by using ensemble methods, the most common of which is Random Forest (RF).

A random forest combines multiple decision trees into a single classifier, with each tree
containing a randomization step consisting of two parts. The first step of randomization is that,
the data set applied to each tree is different each time, and samples may be repeated. The second
is that a different set of features, ranging in size from the maximum number of features to the
full size of the whole dataset, may be applied to each node. Thus, RF is a DT-based ensemble
classifier.

Combining results from different trees is achieved either by voting, or by averaging the
results over all trees. This approach is a special case of “bagging” (shortened term standing for
“Bootstrap” aggregating). Therefore, the variance for each individual tree is reduced, which
involves a decrease in the classification accuracy individually, but for the whole forest, the
classification accuracy is higher. The disadvantages of the random forest compared to a single

decision tree are the greater difficulty in interpreting the results and longer calculation time.
Multilayer perceptron

A MultiLayer Perceptron (MLP) classifier is a fully connected artificial neural network
of direct connection (ANN), which means that the nodes of the neural network do not form a
loop [215, 216]. Unlike a conventional perceptron, this classifier is able to separate objects that
are not linearly separable. A multi-layer neural network consists of large number of units
(neurons) joined together in a pattern of connections. Units in a network are usually segregated
into three classes: input units, which receive information to be processed; output units, where

the results of the processing are found; and units in between known as hidden units.

During classification, the signal on the input units is distributed throughout the network,
determining the activation values on all output units. Each input unit has an activation value,
which represents some feature external to the network. Each input unit then sends its activation

value to each of the hidden units to which it is connected. Each of these hidden units calculates
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its own activation value and this signal is then sent to the output units. The activation value for

each receiving unit is calculated according to a simple activation function.

Neural networks are trained by processing examples, each containing known "inputs"
and "outputs,” forming probability-weighted associations between them, which are stored in
the data structure of the network itself [215]. Training a neural network is usually done by
determining the difference between the processed network output (often a prediction) and the
target output, which is the value of error. The network then adjusts its weighted associations
according to the learning rule and using that error value. Consistent corrections will cause the

neural network to produce an output that is increasingly similar to the target output.

The main advantage of this type of classifiers is that it is capable of processing even
large datasets without explicit separability, while obtaining high accuracy. However, properly
determining the size of the hidden layers is a challenging task, because an underestimate of the
number of neurons can lead to poor approximation and generalization capabilities, while
excessive nodes can result in overfitting and eventually make the search for the global optimum
more difficult. Also, with a large network, the computation time is significantly higher than for

SVM. In addition, this method, like SVM, is very sensitive to data scaling.

The multilayer perceptron is a basic classification model belonging to the set of deep
learning approaches. Deep Learning methods refers to as separate category of machine learning
methods based on the use of neural networks of different architectures with a large number of
hidden layers. The use of deep learning shows good results in many domains such as computer
vision, segmentation or new data generation. However, optimization of deep neural networks
is computationally and time consuming, and their performance on small one-dimensional

datasets is comparable to traditional machine learning algorithms.
Ensemble classifiers

Ensemble methods combine several base models, such as decision trees or logistic
regression, in order to obtain more accurate prediction than that obtained by using each single
model individually. Simple algorithms in this case are called "weak learners™ and the ensemble
method is called "strong learner". The most common ensemble methods are based on voting,

stacking, bagging, and boosting [199, 217].

There are two main types of voting: “hard” voting, in which class labels for samples are

predicted using majority rule voting, and “soft” voting, in which class labels are based on
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maximum values of sums of predicted probabilities [218]. The “soft” voting approach is

recommended for an ensemble of well-trained classification models.

Stacking involves adding another classifier (meta-learner) that works based on
predictions from weak learners [219]. The main advantage of stacking and voting is the
possibility to use different types of classifiers as weak learners, and the disadvantages are still
more complicated interpretation of the results. However this problem is typical for all ensemble

methods.

The basic idea of boosting is to iteratively teach many of the same weak learners to
create a strong learner. Boosting is similar to bagging in this aspect. The difference is that each
successive model learns on the basis of the previous one, trying to improve its result [199].
There two of the most common algorithms for boosting include adaptive boosting and gradient
boosting. Adaptive boosting uses an iterative method to calculate the optimal weights in the
model. The algorithm first trains the first base model (say decision trees) on a training set. The
relative weight of incorrectly predicted values is increased. The updated weights are fed to the
input of the second model and the model is trained, then the predictions are produced and the
cycle repeats. Gradient boosting differs from adaptive boosting in the way that weights are

optimized, because gradient descent is used in this case .

Ensemble methods are not necessarily capable of significantly improving results relative
to the best weakest learner, which is especially noticeable for small datasets (up to a few

hundred samples).

2.3.2. Regression

Regression methods must be used when, based on the input data, the values of one or
more continuous variables have to be predicted instead of only the value of one discrete variable
(class). The solution of such regression task is to establish a relationship between the dependent
variable and set of independent variables and to predict new values of the dependent variable
based on this relationship. Regression analysis in the case of only one independent variable is

very close to the curve fitting process, but it focuses more on statistical inference issues [220].

There are many regression methods, each with its own advantages and disadvantages
for solving particular tasks. The most commonly used methods include Linear Regression,
Polynomial Regression, Lasso Regression, Ridge Regression, and Elastic Net Regression [221—
225].
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Linear regression

Linear regression is the simplest regression method and can be described using equation
(2.2):

Y = ?zlai-Xi+b+ & (21)

where Y is an dependent variable, X; are independent variables, a; are weights of independent
variables, b is intercept, n is a number of independent variables and & is an error. The
coefficients of the regression model are fitted with the aim to minimize . Root mean square
error is usually used as a metric of error minimization. Linear regression works reasonably well
when the relationship between the dependent and independent variables is linear, the values of
the dependent variable do not contain a large amount of error, and the variance is constant and

relatively small.
Polynomial regression

For cases when the relationship between the dependent and independent variables
cannot be described as linear, it is reasonable to use polynomial regression [223]. The main
difference with linear regression is that in the non-linear regression the degrees of the

multiplicative coefficients of the independent variables can exceed 1:
Y=ua,-X;,+a3 - X,++ak-X,+b+ ¢ (2.2)

where Y, X;, a;, b, n and & have the same meanings as in equation (1), and k is the degree of
the coefficient on the independent variable X,,. As in the case of Linear regression, the model
is trained by minimising the mean square error. Polynomial regression can model more complex
non-linear relationships between variables, however, if the maximum degree of the polynomial

is incorrectly chosen, such a model may be more prone to overfitting.
Ridge regression

Linear and polynomial regressions demonstrate high efficiency when the set of
independent variables is non-collinear, which means that the independent variables do not have
linear dependencies among themselves. However, in some tasks, the independent variables can
often be collinear, which can lead to overfitting and thus reducing the accuracy of the model.
In this case, the method of training a regression model based on minimizing the mean square
error cannot be used. The problem of training a model on data sets containing collinear features

can be solved using several methods, one of which being Ridge Regression [224].
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The main idea behind ridge regression is to add a penalty to the sum of squared errors
to be minimized, based on the weights of the independent variables such as:

Arg_min= ([Y —a-X]*+2- ||a||2) (2.3)

where Y is a matrix of values of the dependent variable, X is a matrix of values of the
independent variable, a weight coefficients on independent variables and A is a regularization
coefficient. This approach introduces a penalty for too large coefficients, making the algorithm
train on all variables more uniformly, reducing thus the impact of collinearity of the
independent variables on the final model. By changing the value of A it is possible to adjust the
value of the penalty for the values of weights in order to optimise the performance of the

method.

In general, the method of adding any constraints to the problem solving condition (in
this case, to the regression model training condition) is called regularisation. More specifically,
this approach used in Ridge Regression is called Tikhonov regularisation or L2 regularisation.
It is also important to note that in the case of L2 regularisation, the absolute weights for the
independent variables can be as small as possible, but will never reach 0, which mean that there
will be no selection of features. An alternative method is L1-regularisation, which isalso

implemented in Lasso regression [224].
Lasso regression

Like Ridge Regression, Lasso Regression introduces a penalty for too large values of

the weights of the independent variables, thus preventing overfitting (Equation (2.4)).
Arg_min= ([Y —a-X]?+ 1 ]al) (2.4)

All variables are similar to those presented in Equation 3. However, unlike the Ridge
Regression, the weights on the independent variables in the penalty term are taken to the first
degree rather than squared. As a consequence, for the same value of A, Lasso Regression
imposes a smaller penalty for the same values of the weights than Ridge Regression. Another
important difference from Ridge Regression is that the absolute values of weights for
independent variables can be equal to 0, which means that Lasso Regression also performs
feature selection in the process of model training, having a positive effect on the interpretability

of the resulting model.
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Elastic net regression

As highlighted in the previous paragraphs, Ridge regression is best applied when it is
necessary to consider the influence of all independent variables on the final result, whereas to
Lasso regression is applied when it is necessary to take into account the influence of only a few
independent variables, and the remaining variables can be discarded [225, 226]. However, in
some tasks it is not known in advance which regularisation method performs best. In such cases,

it is reasonable to use Elastic net regression, which combines both approaches (see Equation

(2.5)).
Arg_min= ([Y —a-X]? + 4, - llall +4; - llall?) (2.5)

It can be seen that instead of imposing a single penalty on the values of weight
coefficients at independent variables, the minimized value for Elastic net regression imposes
two penalties at once, corresponding to L1 (]|a||) and L2 (||a||2) regularizations. By changing
the values of coefficients A1 and A2 it is possible to modify the impact of each type of

regularization, thus optimizing the resulting model appropriateness.

2.3.3. Unsupervised Classification (Clustering)

Unsupervised Classification (Clustering) is the task of grouping a set of objects in such
a way that objects belonging to one group (cluster) are more similar to each other than to objects
belonging to other clusters [227]. There is no precise definition of what exactly is a cluster, as
it strongly depends on the algorithm. Popular notions of clusters include groups with small
distances between cluster members, dense areas of the data space, intervals or particular

statistical distributions. The main types of clustering methods include [228]:

e Clustering methods based on connectivity, also known as hierarchical clustering,
which are based on the idea that objects are more related to nearby objects than
to objects further away (e.g, single-linkage clustering);

e Centroid-based clustering methods, when each cluster is represented by a central
vector, which is not necessarily a part of the dataset (e.g, k-means);

e Clustering methods based on probability distribution. Clusters in this case are
defined as objects belonging most likely to the same distribution;

e Density-based clustering methods, when clusters are defined as areas of higher
density of samples than the rest of the dataset, such as Density-Based Spatial
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Clustering of Applications with Noise (DBSCAN) or Ordering Points To
Identify the Clustering Structure (OPTICS).

An important stage of clustering lies in the to choice of a method with its appropriate
parameters so that, on the one hand, the method makes it possible to divide the data into a
sufficient number of clusters and, on the other hand, does not create new data clusters where
they should not be according to the problem conditions. In addition, the clustering results should

be consistent with the available information about the dataset.

For diagnostic purposes, clustering can be used to confirm the separability of data
belonging to different diagnostic classes or subclasses, as well as to find new classes and
subclasses in the data according to clinical or diagnostic information [229]. At the same time,
since it’s more appropriate in most diagnostic studies to address the supervised classification

problem, clustering methods will not be discussed in detail in this thesis.
2.4. Data fusion

In general, all tasks that demand any type of parameter estimation from multiple sources
can benefit from the use of data fusion methods. According to [230] data fusion techniques
combine data from multiple sensors and related information from associated databases to
achieve improved accuracy and more specific inferences than that could be achieved by the use

of a single sensor alone.

There are a large number of different Data Fusion methods and ways to categorize them
[231]. However, in our context of combining multimodal spectroscopic data more efficiently,
it is convenient to distinguish three main categories based on the stage of the data pipeline at
which the fusion is performed:

e Fusion of the input data;
e Fusion of features;

e Fusion of decisions.

When using Fusion of the input data or Fusion of features, some of the common features
for different modalities are removed or lose their importance, which may negatively affect the

accuracy of subsequent analysis.

An alternative approach is decision fusion, where in the first step each modality is
analyzed independently, after which the data analysis results are combined by some method

(e.g. majority voting or stacking). This approach reduces the risk of losing features for
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individual modalities. However, accounting for the relationship between modalities in this case
Is quite difficult. In addition, the risk of overtraining increases.

2.5. Quantitative evaluation of the performance of data analysis algorithms

In order to select the optimal methods of data processing and analysis, it is necessary to
define metrics that can be used to evaluate the effectiveness of each combination of methods
and corresponding hyperparameters for classification and regression tasks.

2.5.1. Statistical metrics for classification

Most of the statistical metrics that can be used to evaluate the performance of a
classification task will be explained in the case of a binary classification. Binary classification
is a task where all samples from a dataset need to be divided into two classes. For diagnostic
tests their labels correspond to a ‘positive’ and ‘negative’. All the most commonly used
statistical metrics are based on using all possible predictions for each sample: number of true
positives (TP), number of true negatives (TN), number of false positives (FP) and number of
false negatives (FN). All accuracy metrics in binary classification tasks, which will be presented
next, are calculated using TP, TN, FP and FN values. The most convenient and informative
way to present the results in this way is to use the confusion matrix, which is shown in Figure
2.8.

Predicted class

Positive | Negative

Actual | Positive TP FN
class | Negative i TN

Figure 2.8. Example of a confusion matrix.

False positive and false negative outcomes are also referred to as errors of the first and
second kind, respectively. An error of the first kind is often referred to as a false alarm. This
term is commonly used in medical diagnosis of diseases and means that the model has predicted
a disease where it is not actually present. With a large number of false positives, the collateral
damage of such a system can outweigh the benefits. At the same time, errors of the first kind
are less dangerous in medical practice than errors of the second kind (false negatives), because
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in the case of the second kind of error, a patient with a disease is recognised by the system as
healthy, which may lead to untimely diagnosis of the disease and, as a consequence, to a

significant complication of treatment or even death of the patient.

All the accuracy metrics discussed below apply to the case of binary classification, as
this greatly simplifies their description. At the same time, almost all similar metrics are also
applicable for multiclass classification by averaging each metric over all classes, or calculating

them for each class separately.
Accuracy

The most simple and straightforward metric for assessing the performance of a
classification model is the accuracy quality criterion, which shows the proportion of correctly
classified samples out of the total number of samples. The accuracy can be calculated using
equation (2.6).

TP+TN

Accuracy = —
Y = TP+FP+TN+FN

(2.6)

The advantages of the accuracy are simplicity and versatility, which makes it possible
to use it to evaluate the effectiveness of almost any classification models. At the same time,
when using only accuracy, it is impossible to take into account the false alarm ratios of the
model, which can be very critical in some cases. For example, when choosing between two
models for diagnosing a disease, it is possible to have a situation in which the accuracy of the
first model is slightly higher, but the second model has a much lower proportion of false
negative predictions, making the second model preferable for application. Another important

disadvantage of accuracy is that it does not always work correctly with unbalanced data sets.
Sensitivity and Specificity

A possible alternative or rather an addition to the use of accuracy or a possible
complement to it could be sensitivity and specificity, which are calculated using equations (2.7)
and (2.8).

TP

Sensitivity = o 2.7
Specificity = FPTJ:VTN (2.8)

If we consider the application of sensitivity and specificity on the example of medical
diagnosis of a disease, then, as it can be seen from the formulas, that sensitivity corresponds to

the proportion of samples with a disease for which the diagnosis was correctly determined.
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Specificity shows the proportion of healthy samples that were correctly identified as healthy by
the model.

Sensitivity and specificity provide much more information about the quality of the
model, however, they should only be used together, as the fact that sensitivity alone or
specificity alone are high enough does not mean that the model as a whole provides satisfactory

results.
Precision and Recall

Another way to assess the quality of the model is to use a combination of Precision and

Recall, which can be found using equations (2.9) and (2.10).

TP
TP+FP

Precision = (2.9)

TP
TP+FN

Recall = (2.10)

As can be seen from the equations, Recall is calculated in the same way as sensitivity,
and Precision characterizes the proportion of results correctly predicted as ‘positive’ from all
samples predicted as “positive”. This approach may be somewhat less informative than the
previous approach, as it does not provide direct information about what proportion of the
‘negative’ class samples were correctly predicted as “negative”. Instead, the Precision and
Recall combination provides information on what the chance is that the ‘positive’ diagnosis for

an unlabelled sample is correct.
Receiver Operating Characteristic curves

Another way to evaluate the quality of a classification model is to use ROC (Receiver
Operating Characteristic) curves, which graphically represent the relation between True
Positive Rate (TPR) and False Positive Rate (FPR) values, that are calculated using equations
(2.11) and (2.12).

TP

TPR = (2.12)
TP+FN

FPR = —2 (2.13)
FP+TN

where TPR corresponds to Sensitivity and Recall, while FPR shows the proportion of

“negatives” misclassified as “positives”.

In case of binary classification, the algorithm has to select a threshold of the class

variable values above which all data will belong to the “positive” class and below which all
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data will belong to the ‘negative’ class (or vice versa). The graph called ROC-curve can be
obtained by manually changing the threshold of the class variable from -oo to +o and plotting
the values X = FPR and Y = TPR in the X,Y coordinate space. In addition, when the values of
the class variable threshold are equal to -co and +o0, the model classifies all samples only as
“positive” or only as “negative” respectively. Thus, the ROC curve always passes through the
points (0,0) and (1,1). An example of the ROC curve is shown in Figure 2.9.

1.0
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_023 0.6 -
=
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o
= ’

0.2 - P === Random chances

7’
P —— ROC curve
00 I I I I
0.0 0.2 0.4 0.6 0.8 1.0

False positive rate

Figure 2.9. Example of a ROC-curve.

The ROC curve resulting from a binary classification should always lie above the
straight line segment connecting points (0,0) and (1,1), as it corresponds to random guessing.
If the curve is close to or coincides with the segment line of random guessing, it means that the
classification algorithm in its current configuration is not suitable for this task. Theoretically, if
the ROC curve lies well below the random guessing line, it means that the classifier for some
reason acts in the opposite way and if the class names are swapped, the model will perform
better. However, in practice, algorithms for training classification models should not lead to

this situation.
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The ROC curve can be used to find the point with the optimal balance between TPR and
FPR and thus determine the best value of the class separation threshold for a class variable.
Comparison of different ROC curves is usually done using the area under the curve (AUC),
which shows the probability that a randomly selected instance of a negative class is less likely

to be recognized as a positive class than a randomly selected positive class.
Other metrics

In addition to using ROC curves, there are other methods of combining several simple
parameters for estimating model performance into one, such as the Youden's index (or

Informedness) and the F1-score, which can be found using equations (2.13) and (2.14).

' s _ e o .o TP N
Youden’'s index = Sensitivity + Specificity — 1 = prepul M 1 (2.13)

Precision-Recall __ 2:-TP

F1 = 2 . =
Precision+Recall 2:TP+FP+FN

(2.14)

The use of the Youden index reduces the number of parameters for evaluating the
effectiveness of the classification model. However, this parameter does not distinguish between
false positive and false negative predictions, so it is usually not used in the tasks of medical

diagnosis of various pathologies.

The F1 score is the harmonic mean of the precision and recall. It thus symmetrically
represents both precision and recall in one metric. However, this parameter does not consider
the difference in importance between Precision and Recall. When it is necessary for the
purposes of the study, Fg score is used instead of F1 score, which can be calculated using

equation (2.15).

Precision-Recall

Fp=(1+p%)- (2.15)

B?-Precision+Recall

The value of the parameter (3 varies depending on which of the parameters is more
important for solving a particular problem.

2.5.2. Accuracy metrics for regression

The most commonly used accuracy metrics for regression tasks are related to the
estimation of the mean fitting error, because unlike classification problems, in regression, the
output or projected features are continuous. All accuracy metrics for regression problems
presented below are based on differences between y; - theoretical data for the i-th sample, yi -
predicted data for the i-th sample, as well as average data values for the whole dataset [232,
233].
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Mean Absolut Error

The Mean Absolute Error (MAE) is the average of the absolute difference between the

observed value and the predicted values [233, 234].
1 A
MAE = —- ¥i_qly: = §l (2.16)

where n is the number of predictions

The main advantage of MAE is its simplicity. However, in cases where the data set
contains both positive and negative numbers, MAE can reduce the actual magnitude of the

error. For this reason, quadratic errors are used in most studies.
Mean Squared Error and Root Mean Squared Error

The Mean Squared Error (MSE) is determined with the squared differences between the
actual values and the predicted values and RMSE is the square root of MSE [233].

1 A
MSE = 1.3 Iy, - 912 (217)

The main advantage of RMSE is that it is measured in the same values as the original

data.

1 A
RMSE = |2 SiLly; - 91 (2.18)

R-Squared (R?)

R-squared is the proportion of the variance in the dependent variable that is explained
by the independent variables. It can be calculated using equation (2.19) [233, 235].

2 _ Z?:l(Yi_y)z
RE=1=5r oivr (2.19)

2.5.3. Splitting of the data set
In addition to the proper choice of accuracy metrics, it is necessary that the sets of data
that are used to train and test the model do not contain the same samples in order to correctly

evaluate the performance of the resulting classification and regression models. For this purpose,

the original dataset is usually divided into two or three parts:

e Training set that is used to train the model parameters;
o (optional) Validation set, which is used for model validation during the model type
selection and hyperparameter optimization phase;
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e Test Set that is used to validate the model and is not involved in the learning process at

all;

This split of the data set is optimal, however, in most optical biopsy studies the data set
size is between a few tens to a few hundreds of samples, which may often be not enough to
train valid machine learning models. In this case, a validation set is usually not used, and as a
consequence, the entire model optimisation process is based on the prediction results for the

test set.

The test dataset is almost always smaller than the training dataset (except for the case
of working with very large datasets, the training of models based on which requires huge time
and computational resources). The ratio of training and test set sizes is usually in the range from

1 to 4, and increasing this ratio increases the risk of overtraining the model.

It is important to note that the choice of which samples belong to the training set and
which other samples belong to the test set should be done randomly (taking into account
additional factors if necessary), and the whole sequence of operations from the moment of
splitting the samples into sets to the moment of validation of machine learning models should
be repeated several times, as randomly chosen splitting of samples into training and test sets
can provide both highly overestimated and highly underestimated results. This approach

basically illustrates the idea of cross-validation.

Cross-Validation (CV) is a repeated validation method that uses different parts of the
dataset to test and train the model in different iterations [236]. Two types of cross-validation

can be distinguished: exhaustive and non-exhaustive cross-validation.

Exhaustive cross-validation methods are cross-validation methods that examine and test
all possible ways of dividing the original sample into a training and validation set. Types of
exhaustive cross-validation methods include "leave-p-out™ cross-validation (LPOCV) and
"leave-one-out™ cross-validation (LOOCV). Leave-p-out cross-validation involves using p
observations as the validation set and the remaining observations as the training set [237]. This
is repeated on all ways to cut the original sample on a validation set of p observations and a

training set.

Leave-one is a particular case of leave-p-out cross-validation with p = 1. The main
disadvantage of this type of methods is the large computation time. Non-exhaustive cross
validation methods do not compute all ways of splitting the original sample. Those methods are

approximations of leave-p-out cross-validation.

88



In k-fold cross-validation, the original sample is randomly partitioned into k equal sized
subsamples. Of the k subsamples, a single subsample is retained as the validation data for
testing the model, and the remaining & — 7 subsamples are used as training data. The cross-
validation process is then repeated k times, with each of the k subsamples used exactly once as
the validation data [238]. The k results can then be averaged to produce a single estimation.
The advantage of this method over repeated random sub-sampling (see below) is that all
observations are used for both training and validation, and each observation is used for
validation exactly once. 5-fold and 10-fold cross-validation are commonly used, but in general
k remains an unfixed parameter. When k = n (the number of observations), k-fold cross-
validation is equivalent to LOOCV. In stratified k-fold cross-validation, the partitions are
selected so that the mean response value is approximately equal in all the partitions. In the case
of binary classification, this means that each partition contains roughly the same proportions of
the two types of class labels. The general scheme of a k-fold (with k = 5) CV is presented in
Figure 2.10.

Test Train

Train Test Train

Train Train

Train Test Train

Train Test

Figure 2.10. Example of k-fold cross validation for k = 5.

Repeated random sub-sampling validation, also known as Monte Carlo cross-validation,
creates multiple random splits of the dataset into training and validation data [239]. For each
such split, the model is fit to the training data, and predictive accuracy is assessed using the
validation data. The results are then averaged over the splits. The advantage of this method
(over k-fold cross validation) is that the proportion of the training/validation split is not
dependent on the number of iterations (i.e., the number of partitions). It’s drawback is that some
observations may never be selected in the validation subsample, whereas others may be selected

more than once. In other words, validation subsets may overlap. This method also exhibits
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Monte Carlo variation, meaning that the results will vary if the analysis is repeated with
different random splits. As the number of random splits approaches infinity, the result of

repeated random sub-sampling validation tends towards that of leave-p-out cross-validation.

When cross-validation is used simultaneously for selection of the best set of
hyperparameters and for error estimation (and assessment of generalization capacity), a nested
cross-validation is required. At the same time, the basic principles of functioning of this type

of cross-validation are identical to those described before.
2.6. Conclusion

The second chapter introduced the problem of the spectroscopic data processing for
diagnostic studies. The need to apply data processing and analysis methods, including machine
learning methods, to spectroscopic data is caused by the complex structure of biological tissues

and low interpretability of different types of raw spectra, including AF and DR spectra.

The list of existing methods of data processing and their functions is very wide, and for
almost every method there is a list of customized hyperparameters. As a consequence, the
proper selection of the list of used data processing and analysis methods, as well as the
configuration of appropriate hyperparameters for each method, is an important stage of any

study.

When processing and analysing multimodal data, an additional important aspect is to
make the best possible use of all available modalities in obtaining the final result of the study.
The methods used to combine data from different sources for the same samples are called Data
Fusion, and can be applied at different stages of the data pipeline. However, as with other Data
Processing and Analysis methods, the proper selection of Fusion methods and their

optimization has a significant impact on the final result.

Another important step is the selection of accuracy metrics used to compare the
performance of different combinations of methods and parameters for classification or
regression tasks. The chosen accuracy metrics should, on the one hand, provide sufficient
information about the performance of the model and, on the other hand, be understandable and

interpretable.

After reviewing the basic steps of spectroscopic data processing, it becomes possible to
validate these methods on the data of a pilot study in which the possibility of classifying benign
and precancerous skin lesions in mice using spatially resolved DR and multi-excited AF

spectroscopy was investigated.
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Chapter 3. Pre-clinical study on mice skin

3.1. Introduction

As it is clear from the previous chapters, combining optical biopsy and data processing
techniques is a rather promising direction in NMSC diagnosis. However, the implementation
of projects in this field is always fraught with certain difficulties, primarily related to the need
to perform a large number of trials, including preclinical trials on animals or ex vivo tissues and

clinical trials on humans.

Preclinical studies are an extremely important aspect aimed at providing a preliminary
practical justification of the effectiveness of the chosen experimental methodology. At this
stage, the basic strategy for processing and analysing the data obtained is also usually developed
and optimised. Clinical tests of the developed methodology on humans, in turn, are necessary
for the final confirmation of its effectiveness in the conditions in which the diagnostic method

will be used.

Following all formal procedures as well as recruiting the required number of patients
takes a large amount of time (up to decades). In addition, based on the results of clinical and
preclinical tests, it may be necessary to make any adjustments to the experimental device
parameters or data processing pipeline, which may also increase the already lengthy process of

implementing a diagnostic method.

Since the ultimate goal of this thesis was to develop a methodology for analysing spectra
measured in vivo from human skin, the main idea of the preclinical study was to obtain spectra
measured on animal skin to test and optimise the spectra processing pipeline. At the same time,
as previously stated, conducting such a study from the ground up could have taken years.
However, the CRAN team had already conducted a preclinical study on mouse skin using a
bimodal spectroscopic device. Thus, it was decided to use the spectra obtained in this study to

test and optimise the data analysis pipeline.

This chapter will describe the materials and methods of the preclinical study as well as
the results obtained. Particular attention will be paid to comparing the performance of different

combinations of dimensionality reduction, classification and data fusion techniques.
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3.2. Materials and methods

3.2.1. Characteristics of the experimental device

The pilot device was used in the series of preclinical studies to take spectra from the
skin of mice with precancerous and benign skin lesions [42, 43, 46, 47]. The results of the last
preclinical study [47] will be presented in chapter three of this thesis. The main scheme of the
device is shown on Figure 3.1 [47].

Multiple band excitation system
System of L
Kenon lamp with a linearly Excitation fiber
parabolic mirror variable band- L]
pass filters
Detection fiber

Source fiber

Invive mice skin

su‘rface

Imaging
I 1 spectrograph
-] iHR.320 Horiba
Computer

Figure 3.1. Scheme of the pilot device used in preclinical study.

Xenon lamp emitting mainly in the 300-800 nm spectral range and a system of linearly
variable band-pass filters were used to obtain DR and multi-excitation AF spectra
corresponding to different excitation wavelengths. The light was focused into the source fibre
core, that contains 37 optical fibres (numerical aperture is 0.22, SEDI, France) arranged in
concentric circles within the 2 mm-diameter bundle. For this application, three different source-
detector separations were selected: 271um (SDS1), 536um (SDS2) and 834um (SDS3) for
distances between the excitation fibre #32 and the detection fibres #33, #16 and #30,
respectively (see fig. 3.1). Increasing the SDS allows you to increase the proportion of photons
recorded from the lower layers of the skin, which can be a significant advantage in diagnostic
tasks. However, with increasing SDS, the total number of detected photons decreases, as a result
of which the signal-to-noise ratio becomes smaller, which makes it difficult to analyse the
obtained spectra. The use of multiple SDS in this device is a compromise between the ability

to obtain more information in the spectra and complicating their analysis.
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The latter were selected among the bundle fibres as close as possible to the probe border
in order to be more easily located by the investigator and precisely positioned onto the skin
measurement area targeted. Main characteristics of the device are shown in Table 3.1, including
AF excitation peak wavelengths and average output (incident) power used during the study.
Table 3.1. Main light source and detection characteristics of the device used during the
experimental study (*FWHM = Full Width at Half Maximum).

Output Spectra Source-detector
. Source wavelength L .
Modality (nm) power | acquisition range | separations
(»W) (hm) (pm)
Ranges:
Diffuse reflectance 370-540 430
spectroscopy 450-640 305
560-740 242
T
LT 390-720 SDS: =536
o AF> =368 (17) 25 _
Multi-excitation _ SDS; =834
Autofluorescence AFs =390 (17) 32
SDECIT0SCO AF4 =400 (15) 30
P PY | AFs =410 (15) 30
AFg =420 (15) 26
AF7 =430 (15) 20

The spectra collected at three SDS were simultaneously measured by an imaging
spectrograph. Each measure was repeated three times and then averaged at the end of pre-
processing stage to improve the signal-to-noise ratio. These averaged spectra were used as the

initial data for further processing.

3.2.2. Characteristics of the dataset under study

The experimental protocol of this study was approved by the French Ethical Committee
on Animal Experimentation. Twelve-week-old female hairless mice were divided into two
groups: the control group with 8 sham-irradiated mice and the test group included 20 mice, that
were irradiated by UV with a fluence of 3 mW/cm? for 20 seconds each time from the dorsal
side [43]. Spectra were collected on the backs of mice at several constant points to increase the

chance of reaching the lesions.

The data set consisted of AF and DR spectra measured in vivo on N = 246 mice skin
samples. Based on the results of the histopathological analysis, all mouse skin samples were
classified into four classes: healthy skin (H), compensatory hyperplasia (CH), atypical

hyperplasia (AH) and dysplasia (D).
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It should be noted that atypical hyperplasia presents the risk of evolving into dysplasia,
which in turn can develop into benign neoplasia or squamous cell carcinoma. Whereas
compensatory hyperplasia is not a precancerous state of skin. Therefore, classifying all the
spectra as potentially precancerous (PP) and not at risk is also of some interest. The
characteristics of the data set under study are presented in Table 3.2.

Table 3.2. Main characteristics of the initial set of spectra obtained from mice skin.

Class Label Prognosis Number of samples
Healthy H Not at risk 84
Compensatory hyperplasia CH Not at risk 47
Atypically hyperplasia AH Potentially precancerous 59
Dysplasia D Potentially precancerous 56
Total 246

Compensatory hyperplasia is characterised by the proliferation of keratinocytes, so
mitoses can be detected in the upper layers, whereas "normally” they are limited to the basal
layer. Hyperproliferation is accompanied by strong metabolic activity of keratinocytes, which
leads to increased keratin synthesis, as a result of which the keratin layer covering the epidermis

increases significantly.

Atypical hyperplasia corresponds to the "intermediate” state of the tissue, i.e. the stage
when abnormal morphological elements become visually distinguishable, but no accumulations
were detected. Among the abnormal effects, chromatin heterogeneity in the nuclei was mainly
distinguished, with the upper layers still containing nuclei, which indicates cytological
dismaturation and disorganization of cell layers.

In case of Dysplastic hyperplasia (or "Dysplasia™) in addition to the presence of atypical
cells mentioned before, there were characteristic features of keratinocyte dysfunction
(parakeratosis and dyskeratosis) and dermal fibroblasts (elastosis). Parakeratosis corresponds
to a keratin layer that still contains keratinocytes or cell nuclei, whereas normally the stratum
corneum consists only of fully mature keratin filaments. Dyskeratoses correspond to fully
mature (differentiated) keratinocytes in the lower layers, whereas normally keratinocytes fully
mature only on the surface, in the stratum corneum. Similarly, fibroblasts of the dermis
damaged by UV radiation synthesize abnormal elastic fibres: short and thick. Thus, atypical
hyperplasia and dysplasia have similar symptoms and have similar effects mostly on the
morphology of the tissue and, as a consequence, on its scattering properties. However, the effect

of dysplasia on skin properties is stronger.
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The main symptoms of the skin states under study, as well as their effect on skin
properties, are presented in Table 3.3.

Table 3.3. Symptoms of the skin states under study and their effects on mice skin properties.

Diagnosis Main symptoms Cause Layer of skin
CH Hyperpro_llferatlon of IncreaS(_ed epidermis Epidermis
keratinocytes thickness
Cytological dysmaturation, .
AH disorganisation of cell Local changes in cell Epidermis
| morphology
ayers
Disorganisation of cell Keratinization, extensive Epidermis,
X change of a layer . i
D layers, Dyskeratosis, AT dermis (elastosis
. : organization in the
Parakeratosis, Elastosis only)

epidermis

A description of the diagnostic criteria for all classes and some examples of microscopic
images of the mice skin with different types of hyperplasia, were presented in [43]. The mean
spectra corresponding to all classes obtained for all possible combinations of modality and SDS
are presented in Figures 3.2-3.4. In addition, Figures 3.2-3.4 shows the standard deviations

obtained by averaging the spectra by class.
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Figure 3.2. Mean spectra for all classes obtained at SDS1 = 271um.
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Figure 3.3. Mean spectra for all classes obtained at SDS, = 536um.
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Figure 3.4. Mean spectra for all classes obtained at SDS3 = 834um.

It can be seen that for almost all of these classes the areas of standard deviations overlap
significantly, making the classification of the spectra a rather difficult task. This problem can
be dealt with by implementing data processing techniques in combination with machine

learning methods for classification.

3.2.3. Spectrum analysis pipeline

The general scheme of the spectroscopic data analysis pipeline includes pre-processing,
classification and data fusion steps, due to the use of two modalities (DR and AF with seven
excitation wavelengths), and three SDS values, which resulted in 24 groups of spectra under
study: one diffuse reflectance spectra and seven autofluorescence spectra with different

excitation wavelengths for each of all three SDS.
3.2.3.1. Pre-processing of the spectra

The initial spectra pre-processing stage consists of three steps: noise removing,

dimensionality reduction/feature extraction for every group of spectra and normalization.

At the stage of noise removal from the obtained spectra, a median filter was used to
remove noise peaks and a Savitzky-Golay filter was used to smooth the spectral curves. After
application of filters for additional smoothing, downsampling from a step of 0.3 nm to 1 nm
was also used. After that, for each series of three spectra measured at the same point for the

same source and SDS, averaging was performed to improve the signal-to-noise ratio.

The principal component analysis was used for feature extraction, however, unlike the
previous studies, the PCA was applied to each of the initial spectra rather than to a set of
manually extracted spectral features. The number of principal components in each case ranged

from 2 to 50. It is important to note that the new features derived from PCA are uncorrelated,

99



which is particularly important for further classification step. In addition, several kernels were

tested for PCA: linear, polynomial and radial basis function (RBF).

Standard Scaler and MinMax Scaler functions were proposed as normalisation methods.
It’s also should be noted that the final result of the classification can be influenced not only by
the method of normalisation, but also by the stage at which it is implemented. To find the best
combination of normalization method and stage of its application, all the normalization methods
were applied before and after the application of PCA. The final scheme of spectra pre-

processing is shown in Figure 3.5.

« | Normalization |

Dimensionality | |

reduction

Pre-processed
spectra

Initial Spectra }—; Filtering Downsampling Averaging L

Figure 3.5. The main scheme of spectra pre-processing.

3.2.3.2. Classification of the spectra

After dimensionality reduction step, classification of the spectra with the optimization
of hyperparameters for each classifier was carried out using SVM, MLP, LDA and RF. All
classifiers were tested in parallel in order to select the most accurate one and corresponding set
of hyperparameters. For SVM, which is a binary classifier, different approaches have been also
tested for multi-class classification: one-vs-one (OVO) classification when each class is
opposed to each class, after which the results of all binary classifications are also summarized
and one-vs-rest (OVR) when each class is compared to a combination of all other classes in

turn, and then the results are generalized. A list of hyperparameters is given in the Table 3.4.
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Table 3.4. List of classification methods and corresponding hyperparameters used in preclinical

study.
Name of the method List of optimized Variation of the
hyperparameters hyperparameters
Kernel Linear/Polynomial(2,3)/RBF
Support vector machine - ]
(SVM) Regularization parameter value 0.1-10
Decision function type OVO/OVR
Number of hidden layers 1-4
Multi-layered perceptron Size of each hidden layer 10-100
(MLP)
I . Identity/logistic/rectified linear
Type of the activation function unit (ReL U)
Linear discriminant Tvpe of solver SVD/LSQR
analysis (LDA) yp

A stratified k-fold cross validation (CV) was used to evaluate the classification
performance. The k-value was varied from 3 up to 20 in order to find the optimal value. In
addition, leave-one-out cross validation (LOOCV) was performed when SVM and LDA were

used for classification.

The evaluation of the effectiveness of classification was based on two quality criteria:
the multiclass classification accuracy (equation 3.1) and the error in classifying precancerous

lesions as healthy (equation 3.2):

_ TPcy+TPyy+TPp+TPy
= Np

Acc

x 100% (3.1)

where TP; stands for correctly classified results for class i and Nt refers to as the total number

of samples.

FPpag-g+FPay—-cH+FPp—yg+FPp_cH
- c CH % 100% (3.2)
Nag+Np

Err

where FPj;j represents misclassified results corresponding to class i incorrectly predicted as

class j and N is the number of samples for class i.
3.2.3.3. Data Fusion

Once classification was performed for all groups of spectra obtained for each unique

combination of source and SDS, data fusion was performed in several ways. The first approach
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was to concatenate linearly the spectra obtained at each point for all combinations of the source
configuration and SDS before performing feature extraction and normalisation.

The next approach was based on combining features obtained after PCA for each group
of spectra, and was applied after the use of PCA. The effectiveness of normalisation was tested
both before and after the use of this type of data fusion. Thus, the subsequent classification was
based on features extracted from the spectra obtained for all sources and SDSs together, rather

than individually.

The last group of fusion approaches was carried out by analysing the results of the
classification of every of 24 groups of spectra. This approach is also called decision fusion. The
most standard method used for decision fusion is majority voting. However, when using
majority voting it is not possible to take into account differences in the accuracy of the original
predictions, which may have a negative impact on the final result. To avoid this problem, two
other methods were tested to combine the decisions in parallel with majority voting: stacking
and Weighted Voting (WV).

Another important point is that the different accuracy of the predictions for all 24 groups
of spectra, as well as the correlation between them, leads to the fact that using all the data at
once can also reduce the final classification accuracy. For this reason, the data were combined
in three ways: combining all groups of spectra at once (1 result), by modality/AF excitation
wavelength of the spectra (8 results) and by their SDS (3 results). In addition, for the last two

cases, decision fusion was repeated again for the new predictions obtained.

‘4 Prediction,

X w
Group 1 ‘ I o

Prediction after Evaluation of the .| Final prediction after

Calculation of weight |/ N Prediction,
\ fusion accuracy and error fusion

factors Group i
¥

‘x w; — T

q{ Prediction,

X| w,
Group n ‘ n

Figure 3.6. The main scheme of Data Analysis by using Weighted Voting.

The general scheme for WV (Figure 3.6) includes calculation of the weights (w;) for
each selected group of spectra, following by the aggregation of the contributions of all groups
to the final diagnosis for each sample (¥). The weights were changed for all groups and their
combinations from 0 to 1 in steps of 0.1 after normalisation of their values to make the sum of

the weights equal to 1. After summing up the contributions from each group of spectra, a
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prediction was generated and the accuracy of the prediction was then evaluated. If the
classification accuracy was lower than the best value obtained earlier (or the error value was
higher when the accuracy was equal), the values of the weights were changed. The process was

stopped after going through all the values of weights.
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hyperparameters

Figure 3.7. The main scheme of Data Analysis by using Stacking.

The general scheme of stacking which involves adding one more classifier that is used
do analyse decisions obtained by the first step of classification as new set of features, is shown
on Figure 3.7. The classification and optimization strategy is similar to the one described in

Paragraph 3.2.2.

3.3. Results and Discussion

3.3.1. Results of methods and hyperparameters selection

The process of selection the hyper-parameters was carried out based on the accuracy of
the classification. The first step involved the selection of an optimal number of principal
components used in the study, as well as the selection of the kernel for PCA, that provide the

best accuracy of classification.

An example of a 3D distribution of the thirst three principal components for DR spectra

(SDS = 536um) for all the classes is shown on Figure 3.8.
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AH
CH

Figure 3.8. 3D distribution of the first three principal components for all four classes of
spectra.

It can be seen that the point clouds corresponding to each class are overlapped. This
result is repeated for all other modalities/sub-modalities and SDSs, consequently, no visual
separation between all classes could be achieved. The use of other combinations of principal
components also did not provide any effect, therefore it was decided to use a larger number of
principal components for the classification. An example of the dependency between the
accuracy of multi-class classification using SVMs and the number of principal components
(from 2 to 80) for DR spectra obtained at SDS; is shown on Figure 3.9.
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Figure 3.9. Dependence of the classification accuracy on the number of principal components

used.
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It can be seen that when the number of principal components used for classification is
higher than 20, the accuracy of the multiclass classification reaches a ceiling value of about
90%. This correlation was the same for all groups of spectra, but the number of principal
components used for classification, for which the max constant value of accuracy was reached,
varied between 20 and 30. In addition, no improvement in efficiency of classification was
achieved by varying the kernels. Therefore, the principal component analysis was implemented
using linear kernel in all cases.

The use of different kernels for the SVM also provided very similar results, so the
kernels that required less computation time were used for spectrum classification (linear kernel
and RBF kernel). A similar approach was used to choose the optimal hyperparameters for the
classifiers used.

The last step of optimization was to find the optimal cross-validation method
(LOOCV/k-fold CV) and the optimal value of the k parameter (for k-fold CV) which provided
an optimal balance between the resulting accuracy and computation time. For this purpose, the
value of parameter k was varied from 4 to 20 for all groups of spectra. SVM (with linear and
RBF kernels) and LDA were used as classifiers, with only the most accurate result selected for
further analysis. The number of principal components used after PCA was equal to 25 in all
cases. For almost all groups of spectra, the difference between the minimum and maximum
values of the multiclass classification accuracy was less than 2.5%. For further calculations, the
value of k was chosen to be 8, since the classification results corresponding to this value were
maximal or close to it for all groups of spectra. In addition, it does not require a long
computation time, compared to LOOCV.

The results of the selection are presented in Table 3.5. The use of more than one
hyperparameter value/option in the table means that the values of multiclass classification
accuracy obtained in the corresponding cases differed by no more than 1%, and the required

computation time differed by no more than 10 seconds.
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Table 3.5. Selection of hyperparameters for methods used in preclinical study.

Name of the method

List of optimized

Selected hyperparameters

hyperparameters
. Number of PCs 25
Principal component
analysis (PCA) )
Kernel Linear
Kernel Linear/ RBF
Support vector machine o
(SVM) Regularization parameter value 1
Decision function type ovOo
Number of hidden layers 1
Multi-layered perceptron . .
(MLP) Size of each hidden layer 80
Type of the activation function RelLU
Linear discriminant
analysis (LDA) Type of solver SVD
Random forest (RF) Number of trees 100

3.3.2. Results of classification for different groups of spectra

The classification of each of the 24 groups of spectra was done by all methods in parallel

and a classifier with the best performance were chosen for each group of spectra. All

calculations were repeated 5 times to get statistically relevant results. Average accuracy values
obtained by the different classifiers (SVM, MLP, DA and RBF) for all modalities (DR and all

AF) and all SDS are shown on Figure 3.10 (for sake of clarity, error bars are plotted only for

standard deviation values greater than 1%).
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Figure 3.10. Average classification accuracy obtained by different classifiers (SVM, MLP,
LDA and RBF) for all modalities (DR and all AF) and all SDS; error bars indicate standard

deviation (SD) values corresponding to five repeated calculations for each combination of

source, detector and classifier (error bars not shown for SD < 1%).

It can be seen that all the classification methods used, except RF, showed very similar

accuracy in most cases. It can also be noted that for all SDS, the best results were obtained for

the classification of DR spectra. The multiclass classification accuracy and percentage of

potentially precancerous lesions classified as healthy are presented in Table 3.6 for all groups

of spectra.

Table 3.6. Values of accuracy and misclassification for PP states for all modalities and sub-

modalities.
Group of SDS1 =271 pm SDS2 =536 pm SDS3 =834 pm
spectra Acc., % Err., % Acc., % Err., % Acc., % Err., %
DR 87.40 4.35 90.24 0.87 86.99 6.09
AF1 84.15 6.96 78.05 12.17 76.42 14.78
AF 81.71 6.96 75.20 14.78 77.24 21.24
AF3 81.30 6.96 78.05 10.43 77.64 13.04
AF4 82.52 11.30 86.59 6.09 83.33 7.73
AFs 77.24 12.17 78.46 13.91 76.02 11.30
AFs 75.61 19.13 77.64 11.30 73.98 24.35
AF7 79.27 13.91 79.27 13.91 77.24 19.13

For a more detailed analysis, two best results were selected for each SDS. The

corresponding confusion matrices are presented in Table 3.7.
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Table 3.7. Confusion matrices corresponding to the most accurate results for every SDS.

SDS1 =271 pm
DR AF:1
AH CH D H AH CH D H
AH 71.19 0 23.73 5.08 AH 66.10 0 22.03 11.86
CH 2.13 95.74 2.13 0 CH 0 100 0 0
D 17.86 0 78.57 3.57 D 28.57 0 69.64 1.79
H 0 0 0 100 H 2.38 0 0 97.62
SDS2 =536 pm
DR AF4
AH CH D H AH CH D H
AH 88.14 0 10.17 1.69 AH 74.58 0 16.95 8.47
CH 0 93.62 2.13 4.26 CH 0 100 0 0
D 21.43 0 78.57 0 D 19.64 0 76.79 3.57
H 2.38 0 0 97.62 H 2.38 0 3.57 94.05
SDS3 =834 um
DR AF4
DR AH CH D H AH CH D H
AH 67.80 0 23.73 8.47 AH 66.10 0 20.34 13.56
CH 0 100 0 0 CH 2.13 95.74 2.13 0
D 17.86 0 78.57 3.57 D 26.79 0 71.43 1.79
H 0 0 1.19 98.81 H 3.57 0 0 96.43

It can be seen that for all three values of SDS the highest multiclass classification
accuracy (90,24%) and lowest value of error in classification of PP states (0,87%) were obtained
for DR spectra, which is a significant improvement compared to the results obtained in the
previous studies. This may be explained by the fact that the implementation of PCA for feature
extraction without preliminary step of feature selection provides greater efficiency in extracting
important information from the initial DR spectra which is also indirectly confirmed by the fact
that the classification accuracy of the autofluorescence spectra has also increased compared to
the same studies. According to histological criteria, higher classification accuracy of DR spectra
may relate both to a change in the absorption properties of the skin with PP states due to
keratosis, and scattering properties of the skin with PP lesions, due to disorganisation of the cell
layers.

Among the different SDS values, the best results for AF spectra (Acc = 84,15%, Err =
6,96%) with excitation wavelengths A <400 nm were obtained for SDS1 = 271 um. This may
be due to the fact that these wavelengths have a lower penetration depth into the skin, which
affects the quality of the spectra obtained for larger SDS values. In addition, according to
histological classification criteria, most of the changes in skin properties due to lesions are
related with changes in the concentration of keratin, which has a fluorescence excitation peak

in the 380-400 nm range [170]. Also in cases of dysplasia, degradation of collagen and elastin
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in the dermis can affect the final accuracy of the classification, as collagen, elastin and their
cross-links also have fluorescence excitation peaks in the 360-400 nm range.

However, the best results for DR spectra (Acc = 90,24%, Err = 0,87%) and AF spectra
with an excitation wavelength of A > 400 nm (Acc = 86,59%, Err = 6,09%) were obtained for

SDS2 = 536 um. It can be explained by the fact that this value of SDS provides the optimal
balance between the penetration depth into the skin and the proportion of noise in the signal, as
increasing SDS increases the contribution of the signal received from the deeper layers of the
skin (including the dermis) to the resulting spectrum. Moreover, the results obtained for the DR
spectra collected at SDS; are the best of all the results obtained in this step. Consequently, this
suggests significantly changes of scattering properties of skin layers (including the dermis)

related to their morphological and structural modifications.

It can also be noticed that in all cases, the precision values of classification of benign
classes (H and CH) ranges from 93 to 100%, while the precision values of classification of PP
states ranges from 66 to 88%. At the same time for the best result presented (DR spectra for
SDS»), only 1.69% of all samples corresponding to atypical hyperplasia were classified as
healthy, whereas for dysplasia there were no such samples at all. Thus, the number of samples
corresponding to potentially precancerous skin states that were classified as benign or healthy
was 0.8% of all samples that belong to PP classes according to the reference classification. In
order to improve this result, all spectra were re-divided into two groups, PP and benign and
then spectra processing pipeline was repeated. The results presented in Table 3.8. All results
presented are consistent with the classification of the DR spectra, as in the case of multiclass
classification, the best results were obtained for it among both modalities and all groups of

spectra.

Table 3.8. Results of mice skin spectra binary classification obtained using DR spectra for

every SDS.
SDS: SDS» SDS3
Benign PP Benign PP Benign | PP
Benign | 93.13 6.87 Benign | 95.42 4.58 Benign | 96.18 | 3.82
PP 0 100 PP 1.74 98.26 PP 1.74 | 98.26

It can be seen that in case of binary classification for spectra obtained at SDS; the
proportion of PP classified as benign is 0. For SDS; and SDS3 the obtained coefficients of the

confusion matrices are very similar.
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3.3.3. Results of Data fusion

The next step was to combine the results from the different groups of spectra by fusion
of decisions in several ways: fusion of pre-processed spectra by linear concatenation, fusion of
features after PCA, fusion of decisions for all groups of spectra, fusion of decisions according
to the initial spectra modality or excitation wavelength value (for AF spectra), and fusion of
decision according to SDS of the initial spectra.

Fusion of initial data and fusion of features include only one stage of classification, so
it makes sense to compare the results obtained using such strategies with the results of single-
modality classification shown in Table 3.6. (Section 3.2.2). The results obtained after applying
these two strategies for all listed options of fusion of spectra by groups are presented in Table
3.9.

Table 3.9. Best results obtained by using fusion of initial data and fusion of features for

modalities/sub-modalities.

Groups of Fusion of initial data | Fusion of features

spiﬁggr:‘or Acc, % Err,% | Acc,% | Err,%
All groups 85,81 6,26 86,94 3,81
DR 85,42 7,36 86,17 4,22
AF1 82,51 4,85 80,47 7,26
AR 74,01 2,59 80,94 7,02
AF3 76,84 8,00 77,23 4,87
AF4 76,49 6,67 79,30 572
AFs 78,09 5,63 7191 5,08
AFs 75,22 5,04 75,59 8,16
AF7 72,35 4,02 72,02 8,97
SDS1 85,79 3,57 82,07 5,35
SDS: 85,81 4,17 82,54 6,98
SDSs 82,55 7,84 84,15 441

When comparing the results obtained by fusion of initial data by concatenation and
fusion of PCA features with the results presented in Table 3.6, it can be concluded that the use
of either of these data fusion strategies does not lead to improved classification results. As a
consequence, a detailed analysis of these results, as well as the application of these methods to

the analysis of spectra measured on human skin, is meaningless.

The next step was to test the effectiveness of the decision fusion methods such as
Majority Voting, Stacking and Weighted Voting for each group of spectra. All corresponding

results are presented in Tables 3.10 and 3.11 respectively.
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Table 3.10. Results obtained by using decision fusion for modalities/sub-modalities.

Groups of Majority voting Stacking Weighted Voting
spectra for o o o o o o
fusion Acc, % Err, % Acc, % Err, % Acc,% | Err,%
All groups 89.02 3.48 86.59 7.83 - -
DR 89.84 1.74 90.24 1.74 90.24 0.87
AF1 80.49 4.35 84.15 8.70 84.96 6.96
AR 80.08 8.70 80.08 15.65 81.71 6.96
AF3 79.27 4.35 82.52 12.71 83.33 9.57
AF4 86.99 6.96 87.80 7.83 89.02 5.22
AFs 76.02 10.43 80.08 12.71 83.30 9.57
AFs 73.58 17.39 79.67 17.39 80.08 14.78
AF7 78.46 15.65 80.49 19.13 82.11 13.04
DRandall AF | 760 | 435 | e577 | 1130 | 9390 | 1.74
(step 2)
Table 3.11: Results of decision fusion by SDS.
Distance Majority voting Stacking Weighted Voting
Acc, % Err, % Acc, % Err, % Acc, % Err, %
SDS1 86.18 7.83 86.18 3.48 90.24 5.22
SDS» 88.21 10.43 92.68 1.74 94.31 0.87
SDS3 82.52 13.91 85.37 6.96 89.43 6.09
Final 2 86.59 9.57 91.06 4.35 94.31 0.87

It can be noted that, in most cases, implementation of WV provides the best results

among all three methods for both evaluated parameters. It can be explained by the influence of

overfitting in case of stacking and the lack of corrections for the difference in classification

efficiency based on different groups of spectra in case of MV. In addition, as in the previous

case, the selection of the best result was based on the multiclass classification accuracy.

However, the use of WV requires a much longer computation time.

Figure 3.11 shows the average accuracy + SD bar graphs allowing to compare the
performance of the different classifiers (SVM, MLP, LDA and RF) for different strategy of

combining/choosing data for decision fusion by stacking. It can be seen that Random Forest

and SVM provided the best performance in most cases.
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Figure 3.11. Average accuracy for stacking (decision fusion) obtained by different
classifiers (SVM, MLP, DA and RBF) for all ways to combine data (by SDS, by modality and
all data at once); error bars indicate SD values corresponding to five repeated calculations for

each combination of source, detector and classifier (error bars not shown for SD < 1%).

The best results of decision fusion, as for the separate classification, were obtained for
DR spectra and AF spectra with excitation wavelength of A =400 nm. In case of the DR spectra,
the confusion matrix coefficients were identical to the ones presented in Table 4(c), which
correspond to the classification results based on DR spectra for SDS> = 536um. The use of
decision fusion for the AF spectra gives an average improvement of 3-5% in multiclass

classification accuracy.

The best results for fusion of decisions by group of spectra, that were obtained by using
two steps of weighted voting are presented in Table 3.11. It can be seen that the precision values
for all classes increased by 5-7% and reached 100% for benign states compared to the results
presented in Table 3.7. At the same time, the error in classification of atypical hyperplasia as
healthy tissue also increased. This was due to the fact that the selection of the best combination
of coefficients for WV was based on the multiclass classification accuracy.

When combining the SDS classification results, the best results (Acc = 94,31%, Err =
0,87%) were obtained for SDS> = 536um, as in the previous case. The corresponding results

that were obtained by using WV are presented in Table 3.12.
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Table 3.12: Classification results (confusion matrix) based on decisions obtained from all types

of spectra.
AH CH D H
AH 91.53 0 6.78 1.69
CH 0 100 0 0
D 16.07 0 83.93 0
H 0 0 0 100

Compared to the results presented in Table 3.7, the value of precision for all classes
also increased by 5-7% and reached 100% for benign states, as in the case of decision fusion
by modality. The use of WV and stacking for decision fusion by SDS value increased the
multiclass classification accuracy by 2-4%. At the same time, additional step of decision fusion

produced no improvement with respect to the result obtained for SDS, = 536um.

For the case of binary classification, the fusion of decisions was done in the same way
as for multi-class classification. The best results of fusion (obtained at the second decision
fusion step) are presented in Table 3.13 for distances (a) and groups of spectra (b).

Table 3.13: Results of decision fusion for binary classification.

SDS: SDS3
Benign PP Benign PP
Benign 100 0 Benign 99.24 0.76
PP 0.87 99.13 PP 0.87 99.13
(@) (b)

It can be noted that the percentage of misclassifying the PP state as healthy is less than
1%. Moreover, the resulting error is most likely the result of statistical error due to the use of
cross-validation. At the same time, the corresponding value of precision, compared to the results

obtained without decision fusion, has increased and is close to 100%.
3.4. Conclusion

Chapter three discussed the results of applying data processing methods, including
machine learning and data fusion techniques, to analyse bimodal spectroscopic data obtained

in vivo from the skin of mice with benign and precancerous skin lesions.

The spectroscopic device used to measure the spectra included a system of linearly
variable band-pass filters that, in combination with a xenon lamp, were used to obtain DR and
multi-excitation AF spectra. The optical probe of the device contained several detecting fibres
allowing to measure spectra for different distances between the source and the detector, which

allowed to vary the proportion of detected photons with a greater depth of penetration into the
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skin. According to the combination of source and SDS for which spectra were obtained, all of
them were categorised into 24 groups.

The spectra corresponding to each group were processed separately, followed by a one-
or two-step data fusion. The feature extraction was made by using principal component
analysis, after which the spectra were classified using Support Vector Machine, Multi-Layer
Perceptron, Linear Discriminant Analysis and Random Forest. The next step was to use data
fusion, which was done in three ways: combining the initial data before feature extraction step,
combining PCA features obtained from each group of spectra and combining the results of
classification obtained for each group of spectra by majority voting, stacking or voting with
optimized weights for each group.

The highest accuracy of the multi-class classification was achieved using support vector
machine for the first step of classification and weighted voting to combine all types of spectra
corresponding to SDS; = 536um for the second step of classification and was 94.41%. It can be
explained by the fact that this value of SDS provides an optimal balance between depth of
penetration into the skin and the proportion of noise in the signal. In addition, the highest
accuracy obtained in binary classification of all samples into benign and potentially
precancerous conditions after applying all data processing, classification and decision fusion
methods was almost 100%.

Among the different spectral types, the highest classification accuracy was obtained for
the diffuse reflectance spectra for all SDS. This observation can be explained by the fact that
for the whole spectral range the diffuse reflectance spectra are equally affected by the
absorption properties of internal skin components range as well as by scattering properties,
which are influenced by pathological states of the skin. However, this fact cannot be clearly

confirmed by the list of methods used in this chapter.

Thus, the combination of experimental techniques and methods of data processing and
analysis allowed to obtain accuracy values for diagnosing benign and precancerous skin
conditions of mice over 90%, which indicates its high efficiency, as well as the prospect of its

application for obtaining and analysing spectra obtained from human skin.
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Chapter 4. Clinical study on human skin

4.1. Introduction

Once the methodology for analysing spectra obtained in the preclinical study on mouse
skin had been selected, it was planned to apply it to spectra obtained in the clinical study on
human skin. However, the pilot device used in the preclinical study had major differences from
the SpectroLive Device used in the clinical study, so all spectra preprocessing methods,
including smoothing and noise removal methods, had to be tested again. Also, due to the fact
that many classification and data fusion methods showed similar performance in the preclinical

study, it was decided to test all possible combinations of such methods.

In addition to the differences in experimental method between the preclinical and
clinical study, it should also be mentioned that the level of diversity in the properties and
condition of human skin samples is much higher than in laboratory mice, which may negatively
affect the results of spectra classification obtained in the clinical study. A comparative analysis

of the results of the preclinical and clinical studies will be given in Section 4.3.4.

This chapter will describe the materials and methods of the clinical study as well as the
results obtained. Particular attention will be paid to comparing the performance of different
modalities as well as comparison of the results obtained both with the results of the preclinical
study described in Chapter 3 and with the results obtained by NMSC diagnostic studies using

unimodal and multimodal optical methods described in Chapter 1.

4.2. Materials and methods

4.2.1. General information about clinical study

The clinical study was conducted by a plastic surgeon at the Metz-Thionville Regional
Hospital (France) and approved by both the French National Drug Agency (ANSM) and an
ethical committee (CPP Est I11). Between years 2017 and 2021, the clinical trial named
“SpectroLive” included 131 patients with one or more lesions supposed to be a skin carcinoma.
A brief description of the clinical study is provided hereafter but detailed materials and methods

information can be found in [44].

It is also important to note that the set of obtained spectra will be described in 4.2.2.1
and all additional information are publicly available in a database format and can be used to
train statistical models for the diagnosis of skin carcinomas as well as to determine its

parameters contained in the database.
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4.2.2. Instrumentation and measurement procedure

The instrumentation used in this clinical study was the patented spatially-resolved DR
and multiply excited AF spectroscopy device SpectroLive [41]. A simplified scheme of the
SpectroLive device is provided in Figure 4.1 (detailed technical and metrological information
can be found in [40]).

Diffuse Xenon Flash /0 @OO
Reflectance Lamp By V[ HOON_A)

\ @@@ Spectrometer

o SDS4
LED1 . Filter -
Aoc= 365nm e “ Wheel .-~

LED2 — -
Aexc= 385nm ‘ - S
- Optical Lenses | l' Lenses
Autofluorescence Combiner ¢!
. LED3
Multiple T ' N I 1 ,
Excitations exc ™ nm \ |m————— -: SDS4
|
LED4 J_
= AT
A= 405nm Multiple-Fiber AT
'l 'y " Y
Probe " ‘ *
LEDS e S
Aee=415nm wiioe

Figure. 4.1 Simplified schematic representation of the SpectroLive medical device
including a Xenon lamp wide-band source for DR measurements and five LED narrow-band
sources for AF excitations, the multiple-fiber optics probe featuring 4 Source-Detector
Separations (SDS1-4), a filter wheel equipped with long-pass emission filters for AF

measurements and 4 spectrometers.

The device is equipped with five high power fiber-coupled LED modules (Mightex®)
LED1-5 in combination with in-line band pass filters to provide narrow-band excitation peaks
between 365 and 415 nm (see details in Table 4.1). A Xenon flash lamp from Hamamatsu
(Massy, France) was used as wide-band light source to obtain diffuse reflectance spectra (see
again Table 1). It has to be noticed that a Lambertian surface spectralon target (SRS-99-010,
Labsphere®, Poynton, Great Britain) with spectrally flat response in the wavelength range of

acquisition was used to obtain the reference signal for DR spectra measurements.

The optical probe has a measuring area diameter of 3.5 millimetres and contains one
central 600 pm-diameter fiber for illuminating the skin tissue and 4 groups of 6 200um-
diameter fibers each, corresponding to 4 Source-Detector Separations (SDS1-4) from 400 to

1000 um between the centres of the light emitting and collecting fibers. The light collected by
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each group of 6 fibers is transmitted to 4 spectrometers (Mightex®, Pleasanton, CA, USA),
respectively. On the way of the light a filter wheel allows, before the spectrometers, for
selecting appropriate long pass AF emission filters providing high-blocking (optical density
greater than 6) of the AF excitation peaks. The main characteristics of the device are presented
in Table 4.1.

Table 4.1. Main light source and detection characteristics of the SpectroLive device (*FWHM
= Full Width at Half Maximum).

Source wavelength| Integration Acquisition Source-Detector
Modality g d wavelength range |Separation (SDS)
(nm) time (s)
_ (nm) (m)
Diffuse reflectance Range: 350-800 0,05
spectroscopy
Peak (FWHM¥*): SDS; =400
o AF1 =365 (4) i SDS2 =600
Nirocater | Am-ase || T | sos-am
SDECLI0SCO AF3 =395 (7) SDS4 =1000
P by AF4 = 400 (9)
AFs =415 (10)

A “single sequence” measurement lasts six seconds and consists of the acquisition of 24
spectra including 20 AF spectra (captured for 5 excitation peaks at 4 SDS), and 4 DR spectra
(1 source signal and measurement at 4 SDS). In practice, this single measurement was repeated
three times for each tissue point (without moving the probe) in order to provide “single point”
measurements with an increased signal-to-noise ratio or reduced influence of random outliers
in the resulting spectra (see Section 2.2.2) the. The integration time, chosen to have an optimal
compromise between signal-to-noise ratio and clinical ergonomics, was one second for each of
the autofluorescence spectra and 50ms for the diffuse reflectance spectra [40]. In addition, dark
noise was also measured during each measurement to account for the influence of thermally

generated electrons.

The SpectroLive device is essentially bimodal in that it provides both AF and DR
modalities, however, it features 5 sources of AF excitation. As a consequence, each of the
sources of excitation of autofluorescence will be considered as an independent modality for
data fusion steps in our classification pipeline to simplify the description of the methods used

and the results obtained.
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4.2.3. Clinical and spectroscopic dataset

The total number of lesions for 131 patients participated in the study was 218. The age
of all patients, their gender, their skin phototype and the anatomical sites where the lesions were

located are presented in Table 4.2. Extended information about the dataset can be found in [44].

Table 4.2. Distribution (%) of the 131 patients in classes of gender, age, phototype and lesion

anatomical site (sometimes several lesions per patients).

Patient parameters Distribution (%)
Gender Male 69
(131 patient) Female 31
30-50 2
50-60 6
Age 60-70 18
(131 patient) 70-80 27
80-90 37
90-100 11
| 13
Phototype I 65
(131 patient) i 20
v 2
Anatomical Forehead, vertex, ear, t_emple, eyelid 55
site Cheek, Nasolabial fold 23
. Neck, nape, shoulders 10
(218 lesions Back 4

for 131 a

patients) Arm, hand 4
Legs 4

For each suspected lesion, five different locations were defined for single point
spectroscopic measurements (see Figure 4.2 (a)): one at the “Lesional” area itself (L), two at a
short “Peri-Lesion” distance from the lesion (PL), and two more at the edge of this safety
margin area marked under the guidance of a plastic surgeon which is supposed as “Non Lesion”
(NL) healthy skin. After spectroscopic acquisitions, suspicious lesions were excised along the
boundaries of the marked area for the sake of a clean surgical suture. In addition to the NL
spectra measured near the lesion, spectra were also measured on several other reference healthy
skin in the wrist region for all patients, as shown in Figure 4.2 (b), in order to be further

exploited for standardization steps in the data processing pipeline.
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® Non Lesion (NL) @ Peri-Lesion (PL) ® Lesion (L)
(a) (b)

Figure 4.2. Schematic representation of the spectroscopic measurement spots on: (left)
Lesion (L), Peri-Lesion (PL) and Non Lesion (NL) areas in and around the lesion area (red
circle) and along the short and long axes (blue lines) of the blue ink delimited surgical

spindle; (right) healthy areas on palmar hand and inner wrist.

Based on the results of histopathological analyses acting as ground truth, each L, PL
and NL areas of the 218 anatomical sites (851 measured areas in total) were assigned to one of
the four main following diagnostic classes: Basal Cell Carcinoma (BCC, number of measured
areas n = 90), Squamous Cell Carcinoma (SCC, n = 57), Actinic Keratosis (AK, n = 96) or
Healthy skin (H, n = 608). The average spectra for all four main diagnostic classes, with their

corresponding standard deviations, are shown in Figures 4.3-4.6.
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Figure 4.3. Mean spectra for main diagnostic classes obtained at SDS; = 400um.
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Figure 4.4. Mean spectra for main diagnostic classes obtained at SDS> = 600um.
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Figure 4.5. Mean spectra for main diagnostic classes obtained at SDS3 = 800um.
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Figure 4.6. Mean spectra for main diagnostic classes obtained at SDS4 = 1000um.

It can be noticed in Figures 4.3-4.6 that the Standard Deviation bars for each class,
representing the intraclass variability in the spectral intensity curve shapes, is relatively large
(as well as in a preclinical study on mouse skin), so that the amplitude ranges of spectra
corresponding to each class overlap significantly and degrades the interclass separability. In
addition, most average AF spectra contain several separated fluorescence peaks, which is

related to the fact that the shapes of the spectral curves can vary significantly within the same
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class due to the high level of variability in the skin properties of the patients involved in the
study. Thus, a careful optimization of every step of the data processing and classification

pipeline is extremely important.

4.2.4. Spectroscopic data processing pipeline

An overview of the general scheme of the proposed data processing pipeline is given in
Figure 4.7. Th pipeline includes: (I) raw spectra filtering and correction, (I1) detection of
measurements that contains outliers, (111) normalization, (IV) dimensionality reduction and (V)

classification.

Initial spectroscopic data for each modality and SDS ]

Raw spectra filtering and correction

Savitzky Golay

Median Filtering Filtering

Spectra intensity
correction

Resampling

Detection of outliers in series of measurements

Normalization of spectra

Dimensionality reduction and scaling of new features

Classification of pre-processed data with k-fold cross validation

Selection of hyperparameters based on classification accuracy

Set of predictions obtained for each modality and SDS

Figure 4.7. Spectroscopic data processing pipeline diagram overview.
4.2.4.1. Raw spectra filtering and correction

Pre-processing of the raw spectra of all modalities included median filtering to suppress
impulse noise (window size = 3), dark noise subtraction to account for the influence of

thermally generated electrons in spectrometers, smoothing using Savitzky-Golay filter (window
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size =81, polynomial order = 4) and resampling (from 0.3 nm step to 1 nm step). For the
autofluorescence spectra, intensity correction of the spectral response was also performed for
each detection channel to remove the influence of optical system components on the obtained

spectra.
4.2.4.2. Detection of outliers in series of measurements

As mentioned in Section 4.2.1.2, one tissue point measurement consists in 3 successive
measurements at the same tissue point (without moving the probe). This was exploited to detect
and remove any potential “outlier” signal for each series of three measurements before
averaging. This outlier rejection is the same for all the modalities and SDS, and is based on
relative dispersion in the form of average variation coefficients calculated for DR and AF

spectra respectively as:

_ 2
\/Z;-’:l[AF 1()-AF(y)
Az

- 1 3
VCar =~ 2300, . (4.1)
Jz?zl[DRj(Ai)—ma(Ai)]z
572l 1 A1,=780 nm 3

where AF (1) and DR(A) stand for the AF and DR spectra, while AF (1) and DR (1) correspond
to the average spectra for the three measurements of each point on skin, A; and A1, define the
boundaries of the wavelength range used for the calculation, N is the number of points in the

wavelength range of [1;; 1,].

Variation coefficients VC,r and VCpy are essentially averaged standard deviations
normalized to the mean at each wavelength. Consequently such coefficients can be used as an
independent characteristic of the “stability” (outlier presence or non-constant spectrum
intensities) of a variable. On the contrary, the use of the standard deviation without considering
the mean value of the variable makes no sense since the maximum and minimum intensity
values in the same spectrum can differ by orders of magnitude. However, since spectra contain
hundreds of points it is more appropriate to use values averaged over the spectral range instead

of exploiting the coefficient of variation for a single point.

The limits of the wavelength range for calculating VC,, are given in Table 4.3
according to the excitation wavelength. Lower bounds (11) correspond to the shortest

wavelength in the transmitted band of the fluorescence emission filters, while higher bounds

125



(42) were defined as the longest wavelength beyond which significant increase of the noise level
in the spectra was observed.

Table 4.3. Wavelength ranges [41:42] for the calculation of the average variation coefficients of

AF spectra.
Modality A1, M A2, Nm
AFy, AF;and AF3 421 550
AF4 and AFs 451 580

Checking for the presence of outliers for each series of three measurements for the same
skin area before averaging was performed separately for each modality and SDS and consisted
of two stages. At the first stage, the mean variation coefficients for the series of three
measurements was calculated and, if its value did not exceed 0.08, the series of measurements
was considered to contain no outliers and all three spectra were used for subsequent averaging.
In the opposite case, a separate variation coefficient was calculated for each of the three possible
pairs of measured spectra. The main idea of this approach was to assume that if two of the three
spectra in a series of measurements were slightly different from each other and significantly
different from the third, the variation coefficient for the corresponding pair of spectra should
be smaller than the variation coefficients for the other two pairs of spectra. Thus, if one of the
coefficients of variation calculated for pairs of spectra was less than 0.08, the corresponding
pair of spectra was considered correctly measured and used for subsequent averaging. At the
same time, if all coefficients of variation calculated for the three pairs of spectra exceeded 0.08,
the measurement was considered as incorrect and was removed from subsequent analyses for

the corresponding combination of modality and SDS.

Indeed, the threshold value calculated on trios and pairs of spectra was determined as a
trade-off between (i) identifying and excluding measurements in which one or all three spectra
were significantly different from the others and (ii) limiting the number of spectra removed
from the dataset. The limit value of 0.08 was, on the one hand, small enough to filter out outliers
in the measurements and, on the other hand, allowed to keep on average more than 85% of the
spectra corresponding to non-healthy classes in the analyses for each modality and SDS. The

general scheme of filtering of outliers in measurements is shown in Figure 4.8.
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Figure 4.8. General scheme of filtering of outliers in measurements
4.2.4.3. Normalization of spectra

The anatomical site where spectra were taken, as well as the age, gender and phototype
of the patients impact the shape and intensity of the measured spectral curves. Appropriate
methods of spectral signal normalization have to be implemented since most of the data
classification methods are sensitive to scale. In the present study, three normalization methods
were compared: two maximum intensity (peak) normalization methods and a baseline

standardization method.

The first peak normalization method consists in dividing each spectrum by its maximal
intensity value lying in spectral range of [420:600] nm for the AF spectra (see equation 3) and
in the range of [630:690] nm for the DR spectra (equation 4). The search range for finding the
maximum for DR spectra was fixed so that the influence of hemoglobin absorption on the shape
of the spectral curve is much lower than the influence of light scattering. The search range for
normalization of the AF spectra was notably chosen to avoid the presence of the large amount

of noise for all wavelengths above 600 nm.

AF;(A)
max[AF;(420—600 nm)]

AFM(Q) = (4.3)
DR;(A)

n —
DRI'(A) = max[DR;(630—690 nm)]

(4.4)

Another normalization method, proposed by Tunnell et al. [33], consists in
standardizing DR and AF spectra to a baseline or reference point as defined in equations 5 and
6.

AFH
max AFlH (/1)]

AF (L) = AF,(A) - (4.5)

DRH
e
max|DRH (630-690 nm)]

DR™(X) = DR;(1) - (4.6)
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where AF;(A) and DR;(4) stand for the acquired AF and DR spectra of lesions or healthy skin
measured near the lesion and i is the index of the lesion, AFHand DR relate to the average
intensity over wavelength of the corresponding AF and DR spectra of healthy skin and AEH (1)

and DRF(A) correspond to the average AF spectra of healthy skin measured near the
corresponding lesion. Here, the main idea was to normalize the intensity of the spectra using

aFH
spectra of healthy skin without changing the shape of the spectral curves since ratios ———
max|AF, (A)]
DRH

————7are constant scalar values. The 630-690 nm range of the DR-spectra was chosen
max[DRl ()l)]
by these authors as the wavelength interval where the contribution of light scattering to the

shape of the spectral curve is mainly influenced by the hemoglobin and melanin absorption.

However, as mentioned above, anatomical site, phototype and other parameters of the
skin have a significant influence not only on the peak intensity of the spectra, but also on their
shape. As a consequence, the use of standardisation methods affecting only the scale of the
spectra may not be sufficient. Therefore, we also implemented a normalization method with

reference to the average shape of healthy spectra.

AFH(2)

AR () = AR () - 20 4.7)
—
DRF(2) = DR,(D) - 25 (4.8)

where AFH (1) and DR (1) correspond to the average AF and DR spectra of healthy skin
measured in the area around the respective lesion and i is the index of the lesion, AFH (1) and
DRHrelates to the average AF and DR spectra of healthy skin for each SDS. Thus, the main
difference from the method proposed by Tunnell is that the normalisation ratio is not calculated
on average, but for each wavelength separately.

4.2.4.4. Dimensionality reduction

The large number of points in each spectrum can make their analysis as a difficult task,
since working with a large number of variables requires more computational resources, and can
also negatively affect the accuracy of the classification algorithm. To avoid this, the last step of
spectra preprocessing was the dimensionality reduction by feature extraction. Two methods
were tested: principal component analysis (PCA) with different kernels and autoencoder (AE)
with various layer architectures and activation functions. The choice of PCA and AE was due,
on the one hand, to their high performance in similar studies and, on the other hand, to the large
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number of customizable hyperparameters to improve the final classification accuracy. The
selection of the optimal PCA-kernels, AE and activation functions, as well as of the
corresponding parameters (number of PCs for PCA, number of layers and size of each layer for

AE) was based on the final classification accuracy and the time required to apply the method.

In addition, according to the results obtained in Chapter 3, the MinMax Scaler was used

for all extracted features.
4.2.45. Classification

Support Vector Machine (SVM), Multi-Layer Perceptron (MLP) and Linear
Discriminant Analysis (LDA) were chosen as classifiers, as all these methods showed high
efficiency in solving the classification problem in studies on skin cancer diagnosis and other
pathologies using spectroscopy. The k-fold cross-validation method was used to avoid
overtraining of the classification model due to incorrect division of the original dataset into
training and test parts. The value of parameter k was chosen equal to 5 as it allowed us to obtain
a test dataset of 40 or more samples for each iteration of the cross-validation. In all classification
tests, the class sizes were equally balanced to avoid the influence of different number of samples

per class on the final classification accuracy defined as:
Nrp.
Accuracy = % 4.9)

where TP; correspond to the number of correctly predicted samples for lesional classes
(i=SCC, BCC, CI, CNI or AK) or healthy skin (i = H) and N relates to number of classes.

The samples to keep for the classes to be reduced were randomly selected before each
series of calculations. The selection of the best performing classifier and corresponding
hyperparameters was based on the average final classification accuracy for all cross-validation
tests. A list of the methods used and the corresponding hyperparameters are presented in Table
4.4. The parameter variation ranges were chosen based on the results of a previous study [47].
The entire sequence starting from random sample selection was repeated five times to obtain

statistically reliable results.
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Table 4.4. Data analysis methods and optimized hyperparameters.

Name of the method \ Optimized parameters
Dimensionality reduction

Principal component analysis kernel, number of components

Number of layers, size of each layer, type of

Autoencoder
solver

Classification
Kernel, decision function, regularization
parameter value
Number of layers, size of each layer, type of
solver
Linear Discriminant Analysis -

Support Vector Machine

Multi-Layer Perceptron

Most of the results were obtained in binary classification mode in order to make a more
detailed comparison with existing studies in this field. Some parts of the results for each of the
two sets of classes were obtained in the multiclass classification mode, as this format is more

suitable for application in the differential diagnosis of skin lesions.
4.2.5 Data Fusion

The last stage of spectra processing was the fusion of decisions for each sample using
all the predictions obtained for each modality and each SDS. Fusion was performed using three
different methods: Majority Voting (MV), voting with weighted voting for each modality and
SDS (MO) and Stacking (S), which is the use of a machine learning classifier to make a

diagnosis based on the predictions obtained after the classification step.

The grouping of the data for fusion was done at three different levels: fusion of all
results, fusion of the results obtained for each modality and fusion of the results obtained for

each SDS. Thus, the general scheme of data fusion is shown in Figure 4.9.

- ) e ) e 2

Set of predictions obtained
for modality 6 and SDS 4

Set of predictions obtained Set of predictions obtained
for modality 1 and SDS 1 for modality / and SDS j

p o - /

Fusion of all/part of predictions

\

Majority voting ‘Weighted voting Stacking

/

Figure 4.9. General scheme of fusion of decisions.
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4.3 Results and Discussion

4.3.1. Selection of best methods and hyperparameters for the data processing

pipeline

The selected values (or range of values) of the hyperparameters of each step of the
spectroscopic data classification pipeline are provided in Table 4.5. They correspond to the
highest accuracy values calculated after binary and multiclass classification for each
combination of pairs of classes, modality and SDS separately. Since normalization has a
significant effect on the performance of different data processing methods, it was also necessary
to find, for each unique combination of modality, SDS and class pair, the normalization method

that would provide the highest classification accuracy.

Table 4.5. Best values of hyperparameters retained for each method in the spectroscopic data

classification pipeline.

Name of the method | List of hyperparameters | Hyperparameters value
Raw spectra filtering and correction
Removing of Dark noise - -
Median filter Kernel size 3
Size of the filtering window ~5nm

Polynomial order 4
Normalization
No normalization - -
Intensity normalization - -
Shape normalization - -
Dimensionality reduction

Savitzky—Golay filter

Principal component analysis Number of PCs 15-20
Autoencoder N_umber of h_idden layers 3
Size of the hidden layers 80, 40, 80
Classification
Support vector machine Kernel Polynomial (2-3), linear
Decision function shape One vs Rest
. Number of hidden layers 1
Multi-layer Perceptron Size of the layer 80-100

Linear Discriminant Analysis - -

Decision Fusion
Majority voting -

SVM, Random Forest
with 80 trees
Weighted voting - -

Stacking Type of classifier

131



4.3.2. Binary classification results
4.3.2.1 BCC, SCC, AK and H classes
The results of binary classification performed for the different pairs of BCC, SCC, AK

and H classes, obtained for each combination of modality and SDS, are presented in Figure
4.10.
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Figure 4.10 Results of pairwise binary classification for BCC, SCC, AK and H
classes, for every modality (AF1..5, DR) and SDS (SDS; in blue, SDS> in red, SDS3 in green
and ).
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All the results presented in Figure 4.10 were obtained using shape normalization for
AF spectra, no normalization for DR spectra and SVM classifier with linear kernel.

For H vs. BCC, the highest average accuracy values for single modalities separately are
obtained for AF; (85,71%) and AFs (83,33%) at SDS1. The maximum classification accuracy
for H vs. AK is slightly lower (75.71% obtained for AFs at SDS>) , which may be a consequence
of the fact that the dataset contains samples for different stages of AK. For H vs. SCC, AF; at
SDS> and AF; at SDSs provide the highest values with 80,77% and 78,21% respectively. For
comparison between cancer classes BCC and SCC, best accuracy values were obtained for AF4
modality at longest distances SDSz and SDS4 (both 67,95%) Globally, the classification
accuracy for pairs of classes containing AK is lower than 70%. For AK vs. Carcinomas, AF
single modalities perform well again: the highest accuracy values obtained for AK vs BCC and
AK vs SCC were 69,84% for AF4 at SDS;: and 64,10% for AFs at SDS; respectively. However,
in case of AK vs SCC it can be observed that DR modality alone performs better than any other
AF modality with 66,67% at SDS,. These limited levels of accuracy obtained for AK vs. others
can be related to the fact that the analyzed set of spectra contains spectra of skin AK samples
of different histological subtypes “overlapping” in a single lesion (e.g. hypertrophic, atrophic,
bowenoid, acantholytic, epidermolytic, lichenoid and pigmented), which spectroscopic features
can be more or less close to healthy skin or to cancerous lesions.

The separation of samples into healthy and cancerous as well as healthy and pathological
(cancerous plus AK) can also be of great interest in real diagnostic tasks. For H vs BCC+SCC,
the highest classification accuracy was obtained for DR spectra at SDS; (76.83%) and AFs at
SDS3 (74.39%). For H vs Rest, the highest accuracy was obtained for AFs at SDS; (72.37%).
Compared to the classification results for H vs BCC and H vs SCC, the classification accuracy
for the H vs BCC + SCC case decreases by a few per cent, which can be explained by the larger
size of the training and test dataset, as well as the difference of the more complex composition
of the overall Cancerous class. In addition, as in the cases of AK vs others, classification
accuracy decreases when AK class is added to the analysis (H vs Rest).

It is noticeable that, despite the close accuracy of the spectra classification results for
different combinations of modality, SDS, normalization method and classifier, the best results
for all pairs of classes were obtained using shape normalization and SVM classifier with linear
kernel. However the efficiency of different combinations of data processing methods for
classifying identical pairs of classes can be comparable or less than the standard deviations,

which in most cases are 5-7%. This fact, in addition to the high level of diversity in the original
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spectra, as well as the relatively small size of the data set, does not allow us to confidently
conclude that this combination of classifier and normalization method will show the best results

with other input data.

In addition, it is important to note that for each pair of classes, the most accurate results
were obtained for a unique combination of modality and SDS, proving the greater efficiency of

multimodal systems compared to unimodal systems.

The best accuracy results obtained after fusion of decisions for all pairs of classes are

showed in Figure 6 and values presented in Table 4.6.

Table 4.6. Results of decision fusion for BCC, SCC, AK and H classes. Best values are in bold.

S e | sttty | ot vt 56 | staskin, ¢
BCC vs H (63) 84,12 86,51 85,71
SCCvs H (39) 78,21 80,77 83,33

SCC vs BCC (39) 67,95 67,95 66,67
AK vs H (63) 66,15 80,00 80,00
AK vs BCC (63) 65,87 70,63 67,46
AK vs SCC (39) 65,38 69,23 69,23
Hvs BCC + SCC 76,83 81,71 80,49
H vs Rest 69,74 72,37 72,37

The effectiveness of the application of decision fusion methods varies for different pairs
of classes, Majority Voting performing the worst (just one bold value in Table 6). Using
Weighted voting or Stacking , it was possible to increase the classification accuracy (compared
to classification of spectra without the use of Data Fusion) from 3 up to 5% for pairs of classes
H vs. others and from 1 up to 2% for pairs of classes containing only pathologies. These results
confirm the interest of combining different AF and DR modalities together for improving the
classification accuracy, which confirms the effectiveness of using multiple modalities instead

of a single modality.
4.3.2.2 CI, CNI, AK and H classes

The results of binary classification performed for the different pairs of CI, CNI, AK and

H classes, for each combination of modality and SDS, are presented in Figure 4.11.
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Figure 4.11. Results of classification for dividing cancer into invasive and non-invasive types
for every modality (AF1..5, DR) and SDS (SDS: in blue, SDS; in red, SDSz in green and
).

The maximum accuracy values for pairs of classes Cl vs H and CNI vs H were 79.03%
and 86.48% obtained for AFz at SDS4 and both AF1 and AFs at SDS;, respectively. At the same
time, as in Section 4.3.2.1, the accuracy for pairs of classes containing AK is close to 70%: for
AK vs ClI, the maximum classification accuracy obtained for DR spectra measured at SDS; was
66.94%; for AK vs CNI, the highest accuracy value was obtained for AF: and AF4 at SDS: and
was 71.62%. The lowest classification accuracy among all pairs of classes (62.16%) was
obtained for CI vs CNI, which may indicate a minor influence of cancer invasiveness on the

characteristics of in vivo measured spectra.

As for the results shown in Section 4.3.2.1, the best results in all cases were achieved
using shape normalization and SVM. However, in some cases the use of polynomial kernel led

to better results than the use of linear kernel. However, it is important to notice that the
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difference in classification accuracy values obtained for the same pairs of classes for different
modalities and SDSs is comparable to the standard deviations. Considering this observation
together with the fact that dataset has a small size, makes it impossible to clearly conclude that
a particular modality or SDS provides better classification results than the others. It’s also
important to notice that the accuracy of discrimination for invasive cancer and healthy skin is
much higher than that for non-invasive cancer and healthy skin, which may be due to the more
significant changes in the optical properties of the skin associated with carcinogenesis. At the
same time, the much smaller size of the dataset and high values of standard deviations may also
be the reasons of the significant difference in classification accuracy for invasive and non-

invasive skin carcinomas.

The next step was to use fusion of decisions by stacking for different groups of results

obtained. The corresponding results are shown in Table 4.7.

Table 4.7. Results of decision fusion for Cl, CNI, AK and H classes. Highest accuracies are in
bold.

sacr:rizslzzsfc()l;l Lejgae;::s) Majority voting Weighted voting Stacking
Cl vs CNI (37) 60,81 64,86 56,76
Cl vs H (62) 76,61 79,03 78,22
CNI vs H (37) 86,49 87,83 85,14
AK vs CI (62) 62,09 66,93 64,51
AK vs CNI (37) 70,27 74,32 71,62

As in Section 4.3.2.1, the use of decision fusion improved classification accuracy for

all pairs of classes from 2 to 3%.

4.3.3. Multiclass classification results

The use of a binary classification may not be sufficient for clinical applications.. Taking
this fact into account,, we also performed a series of multiclass tests whose, results are

presented in Figure 4.12.
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Figure 4.12. Results of multiclass classifications for every modality (AF1..5, DR) and SDS
(SDS: in blue, SDS; in red, SDSs in green and ).

When spectra were divided into more than two classes, the classification accuracy did
not exceed 60% in any of the cases: for BCC vs SCC vs AK the maximum classification
accuracy obtained was 52.38%, for BCC + SCC vs AK vs H the best accuracy was 51.43% and
for BCC vs SCC vs AK vs H only a 44.64% accuracy was reached. By sorting all cancer
samples into invasive or non-invasive types, the maximum classification accuracy obtained was
51.51% for CI vs CNI vs AK and 47.72% for CI vs CNI vs AK vs H, respectively. Thus, the
obtained accuracy for all multiclass classification attempts is significantly lower than that of
binary classification. The use of decision fusion whose results are presented in Table 4.8, also
failed to achieve accuracy values for skin cancer or AK that exceeded 60% for at least one of

the class combinations studied.

137



Table 4.8. Best results of single modality multiclass classification by main diagnostic classes.

Best values in bold.

Classes (Number of samples Majority voting Weighted Stacking
for each class) voting
SCC vs BCC vs AK (46) 40,47 57,14 40,47
SCC + BCC vs H vs AK (84) 49,53 56,19 53,33
SCC vs BCC vs Hvs AK (46) 42,86 50,00 39,28
Cl vs CNI vs AK (37) 51,52 57,58 39,40
Cl vs CNI vs AK vs H (37) 47,27 56,82 47,27

4.3.4. Evaluation of the results obtained

4.3.4.1. In relation to the preclinical study

A direct comparison of the results of the preclinical and clinical studies may not be
completely correct, since in the preclinical study the measurements were performed essentially
on the non pigmented hairless skin of mice back with benign and potentially precancerous
lesions, while the clinical study dealt with human skin samples of various phototype and
anatomical sites with precancerous lesions (AK) or/and carcinomas. At the same time, the list
methods of spectra processing is almost identical in both studies, and mouse skin models are
well studied in the context of NMSC carcinogenesis, so the comparison of the results of clinical

and preclinical studies is of some interest.

The maximum multiclass classification accuracy of precancerous skin lesions in the
preclinical study (94.31%) was significantly higher than all classification accuracy values
obtained in the clinical study, including even the binary classification results (no higher than
87% mostly below 75%). Such a large difference in the classification accuracy of skin lesions
in favour of the preclinical study can be explained by the smaller skin thickness of the mice:
the total thickness of the epidermis and dermis on the body of mice is about 300 um, while for
humans the similar value can reach several millimetres. According to [240, 241], the penetration
depth of detected photons in the SpectroLive Device can reach two millimetres, which is more
than enough for complete penetration of radiation into the skin of mice. Thus, the resulting
spectrum obtained from the skin of mice contains information about changes in the properties

of all skin layers, which has a positive effect on the diagnostic potential of the method.

Another important factor is the difference in the level of variability in skin features an
properties specific to the dataset being analysed. For example, a group of 20 laboratory mice
taken from the same population for a preclinical study (no hair, the same anatomical site, no

pigmentation, same age, same gender, same carcinogenesis induction conditions and same
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living conditions) should have much less inter- and intra-individual variations in both healthy
and pathological skin features than a group of 131 patients with different gender, age,
phototype, lesion localisation and background, which includes different exposure of the body
to UV radiation, bad habits etc..

At the same time, it is important to note that the separation of lesions and healthy tissue
in both studies is performed quite well, which confirms the promising experimental technique

and the effectiveness of the chosen methodology for spectra analysis.

4.3.4.2. In relation to other studies on the use of AF and DR spectra for skin

cancer diagnosis

In addition to comparing the results of the preclinical and clinical studies conducted at
CRAN, it is also of great interest to compare the results obtained with the results of clinical

studies on the use of AF and DR spectroscopy performed by other teams.

The accuracy values obtained after applying decision fusion were close to or over 80%
for all binary classification tests that included cancerous and healthy samples, which is close to
both existing multimodal studies [124, 126-129, 130-133] and single-modality studies [62, 64,
75-82] in the field of in vivo skin cancer diagnosis. It has to be noticed that the size of the
dataset was quite small (less than 30 samples per class) in seven [20, 119-122, 147, 164] of
fifteen single modality studies and in three [33, 34, 175] of eight multimodal studies on the
diagnosis of non-melanoma skin cancer listed in the Chapter 1, which contained diagnostic
accuracy metrics. Thus, the diagnostic accuracy values of 80% (or higher) obtained in these

references may be slightly overestimated.

In addition, in contrast to most of other studies, several different methods were tested at
most stages of the data processing pipeline, thus reducing to a quite low level the chance that,
due to an incorrectly chosen preprocessing, classification or data fusion methods, the

classification accuracy significantly decreases.

4.3.5. The use of other data pre-processing and processing methods

The list of data pre-processing and processing methods used in the preclinical and then
clinical studies was developed based on existing research on the use of optical biopsy
techniques for skin cancer diagnosis. This approach allowed us to identify the most common
methods that are likely to be the most effective: PCA for dimensionality reduction by feature
extraction, SVM/MLP/LDA for classification, voting for fusion of decisions etc. It also
facilitated the comparison of our results with the results those obtained other studies in this
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field. However, the number of such studies is not very large, which greatly limits the number
of possible methods to be implemented.

The limited size of the list of methods may not be important if the use of methods from
this list provides good performance of data analysis, which in the case of diagnostic studies
usually means high accuracy in identifying types or parameters of pathologies. However, if the
accuracy values obtained with previously tested methods are lower than expected, it may be

worthwhile to test methods that have not been used in similar studies.

The classification accuracy of the mouse skin spectra obtained in the preclinical study
(Chapter 3) exceeded 90% in multiclass mode, and hence no testing of other preprocessing or
data processing methods was required. In contrast, the classification accuracy of human skin
spectra obtained in the clinical study (Chapter 4) did not exceed 60% in multiclass mode for all
combinations of classes tested. In order to improve accuracy, several other methods and
strategies were tested at different stages of the processing pipeline for the data obtained in the

clinical trial.

At the normalisation stage, ratios of intensities for different wavelengths were tested as
normalisation coefficients, with these coefficients used for both multiplication by spectra and
division of spectra by spectra. However, there was no improvement in the overall classification

accuracy of the spectra.

In the dimensionality reduction stage, Feature selection methods such as Variance
Threshold related to Filter methods and feature selection based on spectra classification
accuracy related to Wrapper methods were tested. The use of Variance Threshold only degraded
the overall classification accuracy for all class combinations relative to the data pipelines where
PCA was used for dimensionality reduction. In contrast, when feature selection was based on
final classification accuracy, the results obtained were comparable to those obtained using PCA.
However, the use of this method required much more computational resources and, as a
consequence, more time consuming. In addition, despite the fact that there was no transition to

a new feature space, the selected features were not interpreted in any way.

In addition to standard feature selection/extraction methods, it was also decided to test
spectroscopic features for classification, such as area under the curve, positions and intensity
ratios of fluorescence (for AF spectra) and absorption (for DR spectra) peaks, interpolation
coefficients of the spectral curve or its sections, and others. Unfortunately, the use of these

methods also did not improve the accuracy of spectra classification.
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At the classification stage, it was decided not to add new classification methods, as all
the methods tested in this work have proven to be highly effective in many other studies.
Instead, we tested different options for sorting the obtained spectra into classes and subclasses,
combining spectra with clinical parameters (age of patients and their skin age, skin phototype,
lesion localisation) as they have a strong influence on the properties of the skin [242]. Stepwise
classification was also tested instead of multiclass classification. However, none of these
approaches improved the accuracy of spectra classification. At the same time, it is important to
note that using multiple clinical parameters to sort spectra may make sense, however, this is not

possible at this stage of the study due to the small size of the dataset.

Thus, despite the many combinations of methods and approaches tested, there was no
improvement within the spectra classification accuracy compared to the results presented earlier

in this chapter.
4.4. Conclusion

This chapter presents the results of the classification of AF and DR spectra measured in
vivo on human skin with non-melanoma skin cancers and actinic keratosis as part of a clinical

study that included 131 patients.

The data processing pipeline developed included the stages of noise removal and
filtering, detection of unstable measurements, standardisation/normalisation, dimensionality
reduction by feature extraction, classification and data fusion. The candidate methods in each
stage were selected based on the effectiveness of their application in previous studies by our

team or in other studies on a similar topic.

The selection of the final combination of methods was based on the classification
accuracy of the spectra obtained after implementation of data fusion. However, the highest
classification accuracy for all pairs of classes was obtained using shape normalization by
corresponding average healthy skin spectra, PCA for feature extraction, SVM with linear kernel

as a classifier and the decision fusion by weighted voting as a data fusion method.

Spectra classification was performed in binary and multiclass modes for different pairs
and combinations of classes. It is also important to note that two types of labels were used for
classification of spectra corresponding to skin carcinoma samples: those related to the
diagnostic type of skin carcinoma (BCC or SCC) or to their invasiveness (invasive cancer and

non-invasive cancer).
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The highest accuracy values among all pairs of classes were obtained for Healthy skin
vs Cancerous lesions and exceeded 80%. When Actinic Keratosis was compared with
carcinomas or healthy skin, the classification accuracy decreased and was 60-70%. At the same
time, the multiclass classification accuracy for all tested class combinations did not exceed
60%. It is important to notice that the use of Data Fusion for all modalities and SDS increased

the classification accuracy of spectra in all cases from 3 up to 5%.

At the end of this chapter, the results obtained are compared with the results of a
preclinical study on mouse skin and the results of clinical studies on the use of AF and DR

spectroscopy for the diagnosis of NMSC conducted in other laboratories.
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General Conclusion and Prospects

General Conclusion

The main objective of this thesis was to combine machine learning methods and
multimodal spectroscopic data acquired in vivo on skin with non-melanoma skin cancer and
precancerous lesions in order to validate efficient processing pipeline optimizing the automatic
discrimination between multiple classes of benign and malignant lesions hence optimizing the
diagnostic accuracy.

The first step was to review the literature on the use of optical techniques for the
diagnosis of non-melanoma skin cancer and identify a list of spectra processing methods,
including machine learning techniques, that were used in these studies (Chapters 1 and 2).

The next step (Chapter 3) was to develop and quantify the performance of selected
methods on a set of spectra obtained in vivo in a preclinical study of mice with benign and
precancerous skin lesions. SVM, MLP and LDA classifiers in combination with PCA for
Feature extraction and Data Fusion by Stacking or Weighted Voting were found to provide
pathology recognition accuracy of over 90% in multiclass mode and over 97% in binary mode.

The final step (Chapter 4) was to adapt and optimize the resulting data pipeline on
spectra acquired in vivo as part of a clinical skin study of patients with invasive and non-
invasive NMSC and AK. The final accuracy in recognizing skin pathologies in multiclass mode
was from 65 to 75% in most cases, and in some cases did not exceed 60%. This confirms that
the skin structure of humans is more complex compared to mice, as well as the fact that the
level of variability of skin parameters among the participating patients is also much higher than
in laboratory mice. In addition, the results suggest the need for continued clinical trials as well
as further development of the study concept.

However, it is also important to note that in binary classification mode the accuracy of

discrimination between spectra measured on carcinoma and healthy skin samples exceeded
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80% in all cases, which proves the high diagnostic potential of the combination of experimental

and data processing methods proposed in the presented study.

Prospects

There are several directions of development for the current study, the first of which is
to increase the size of the dataset by adding spectra measured on new patients. Adding new
spectra to the dataset may help to obtain more reliable machine learning models, also for
multiclass tests.

Another goal is to find optimal parameters for normalizing or sorting the obtained
spectra in order to improve the accuracy of the obtained machine learning models. However,
the solution of this problem is almost impossible without increasing the size of the dataset.

The next step after finding and optimizing the list of parameters for normalizing or
sorting spectra should be to improve the interpretability of the results by adding information
about changes in the optical properties of the skin that may be directly associated with
carcinogenesis. Obtaining such information is possible by using Monte Carlo simulations or
other methods to solve the Radiative Transfer Equation. Application of these methods at this
stage of the study is possible , but does not make much sense, as the level of variability in the
form of spectra belonging to the same class is too high.

Once all the above steps have been completed, there is a wider application of the
SpectroLive device in clinical practice to assist in the diagnosis of non-melanoma skin cancer

and related precancerous lesions.
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