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“It is truly an amazing feeling when you know that you have built
something that no one else ever has”
- Donna Strickland Nobel Prize in Physics 2018

RESUMO
LIMA, C. A. Diagnóstico de câncer de pele usando imagens de
microespectroscopia no infravermelho como ferramenta de patologia molecular.
2019. 91 p. Tese (Doutorado em Tecnologia Nuclear), Instituto de Pesquisas
Energéticas e Nucleares, IPEN-CNEN/SP, São Paulo.

Nas últimas décadas, a microespectroscopia de absorção no infravermelho por
transformada de Fourier (FTIR) tem surgido como potencial ferramenta para
complementar a Histopatologia no estudo e diagnóstico de doenças teciduais. Ao
contrário do exame histológico, que se baseia na inspeção visual de amostras coradas
visando avaliar as alterações morfológicas que as doenças ocasionam no tecido, o
imageamento químico obtido pela técnica de FTIR baseia-se nas características
bioquímicas da amostra sem o uso de colorações. Apesar da vasta literatura comprovando
a eficácia da espectroscopia FTIR em detectar alterações biológicas causadas por doenças
com altos níveis de sensibilidade e especificidade, a implementação do método na prática
clínica tem sido relativamente lenta devido ao alto custo dos substratos transparentes no
infravermelho que são necessários para aquisição de dados. Diante disso, o objetivo
principal do presente trabalho é avaliar a capacidade diagnóstica de imagens
hiperespectrais coletadas de amostras em lâminas de vidro como substratos alternativos
para a espectroscopia FTIR. Camundongos Swiss foram submetidos a um protocolo de
carcinogênese química, no qual lesões cutâneas cancerosas e não-cancerosas foram
obtidas variando-se o tempo de exposição dos animais aos fatores carcinogênicos.
Imagens hiperespectrais FTIR foram adquiridas no modo de transmissão na região do
infravermelho médio a partir de amostras de tecido depositadas em substratos
transparentes no infravermelho (fluoreto de cálcio - CaF2) e vidro convencional. Na
primeira fase de nosso estudo, os dados espectrais foram segmentados usando as técnicas
estatísticas k-means (KMCA) e Análise Hierárquica de Clusters (HCA) como algoritmos
de agrupamento para reconstruir as imagens hiperespectrais com o objetivo de avaliar a
capacidade dos mapas de cores falsas em reproduzir as estruturas histológicas das
amostras de tecido. As imagens foram segmentadas por cada técnica de agrupamento
variando-se o substrato usado para colocar as amostras (CaF2 ou vidro convencional)
assim como os métodos de tratamento utilizados para pré-processamento dos dados. As
regiões de impressão digital (1000-1800 cm-1) e de altos números de onda (3100-4000
cm-1) das imagens coletadas em CaF2 foram usadas separadamente como dados de entrada

para a reconstrução das imagens, enquanto apenas a faixa de altos números de onda foi
utilizada no caso de amostras colocadas em vidro. Ao fim do processo de segmentação
os mapas de cores falsas obtidos foram comparados com a Histopatologia padrão a fim
de avaliar a qualidade e consistência das imagens. Os resultados obtidos pela técnica de
KMCA foram ligeiramente superiores com relação a HCA na identificação de pixels dos
mapas morfo-quimicos correspondentes às estruturas histológicas da amostra. No
entanto, nossos achados indicam que a escolha do substrato, dados de entrada, métodos
de pré-processamento e preparação de amostras têm mais influência nos resultados finais
do que o algoritmo de agrupamento usado para reconstruir as imagens. Na segunda fase
do nosso estudo, a Análise de Componentes Principais (PCA) foi empregada para
comparar os dados do grupo saudável aos animais expostos aos produtos carcinogênicos
por 8, 16 e 48 semanas a fim de avaliar as alterações bioquímicas induzidas pela
carcinogênese química. O desempenho da classificação em cada comparação pareada foi
calculado usando um teste de classificação binária baseado na Análise de Discriminante
Linear associada à técnica de PCA (PC-LDA). O método obteve discriminação
satisfatória (acima de 80%) comparando tecido saudável com as amostras que foram
classificadas como papiloma (16 semanas) e carcinoma espinocelular invasivo (48
semanas) independentemente do substrato usado para colocar as amostras. A comparação
de pele saudável com animais expostos aos fatores carcinogênicos por 8 semanas (livres
de malignidade de acordo com as evidências clínicas e morfológicas) apresentou figuras
de performance cujos valores variaram entre 35-78%, indicando que a habilidade da
técnica de PC-LDA em classificar corretamente dados espectrais de lesões cancerosas e
pré-cancerosas variam com o estádio da doença durante o processo de tumorigênese.
Diante disso, como uma prova de conceito, demonstramos a viabilidade da espectroscopia
FTIR na avaliação dos eventos biológicos desencadeados pelo câncer usando uma
metodologia que não requer colorações e substratos caros, assim como não
interrompe/altera o fluxo de trabalho atual do patologista. Este é um passo importante na
implementação da tecnologia no ambiente clínico, uma vez que o método pode ser usado
para complementar o processo de diagnóstico do câncer como uma alternativa nãosubjetiva e que não requer procedimentos trabalhosos e demorados, nem sondas caras
como biomarcadores.
Palavras-chave: Microespectroscopia FTIR; câncer de pele; diagnóstico precoce;
segmentação de imagens; PCA-LDA; KMCA, HCA, RMieS-EMSC.

ABSTRACT
LIMA, C. A. Skin cancer diagnosis using infrared microspectroscopy imaging
as a molecular pathology tool. 2019. 91 p. Thesis (Ph.D. in Nuclear Technology),
Nuclear and Energy Research Institute, IPEN–CNEN/SP, São Paulo.

Over the past decades, Fourier Transform Infrared (FTIR) microspectroscopy has
emerged as a potential candidate to complement Histopathology in the study and
diagnosis of tissue diseases. Contrary to the histological examination, which relies on the
morphological tissue alterations assessed by visual inspection of stained samples, FTIR
chemical imaging is a rapid and label-free tool that provide simultaneously information
about histological structures as well as the localisation and magnitude of basic molecular
units that compose tissue sections (proteins, nucleic acids, lipids, and carbohydrates).
Despite the many proof-of-concept studies demonstrating the effectiveness of FTIR
spectroscopy in detecting biological disorders with high levels of sensitivity and
specificity, translation into clinical practice has been relatively slow due to the substantial
cost of infrared transparent substrates required to collect the images. Thus, the main
objective of this research is to evaluate the diagnostic potential of infrared chemical
images collected from samples placed on conventional histology glass slides as
alternative substrates for FTIR spectroscopy. Swiss mice were submitted to a wellestablished chemical carcinogenesis protocol, in which cancerous and non-cancerous
cutaneous lesions were obtained by varying the exposure time of the animals to
carcinogenenic factors. FTIR hyperspectral images were acquired in transmission mode
over the mid-infrared region from tissue specimens placed on conventional infrared
substrates (calcium fluoride - CaF2) and glass slides. In the first phase of our study,
spectral datasets were segmented using k-means (KMCA) and Hierarchical Cluster
Analysis (HCA) as clustering algorithms to reconstruct the hyperspectral images aiming
to evaluate the ability of the false-color maps in reproducing the histological structures
of tissue specimens. The images were segmented by each clustering technique using
several different combinations varying parameters including the substrate used to place
the samples (CaF2 or conventional glass) and the methods employed to preprocess the
datasets. Fingerprint (1000-1800 cm-1) and high wavenumber (3100-4000 cm-1) regions
from images collected on CaF2 were separately used as input for image reconstruction
and only the high wavenumber range was employed in the case of samples placed on

glass. All pseudocolor maps were compared to standard histopathology in order to
evaluate the quality and consistency of images after segmentation. KMCA presented
slightly superior ability in correctly assigning the pixels of morphochemical maps to the
histological structures of the specimen, nevertheless, our findings indicate that the choice
of the substrate, input data, preprocessing methods, and sample preparation have more
influence in the final results than the clustering algorithm used to reconstruct the images.
In the second phase of our study, Principal Component Analysis (PCA) was employed to
compare datasets from healthy group to animals exposed to chemicals for 8, 16, and 48
weeks in order to evaluate the biochemical changes induced by chemical carcinogenesis.
The performance of classification in each pairwise comparison was calculated using a
binary classification test based on Linear Discriminant Analysis associated to PCA (PCLDA). The method achieved satisfactory discrimination (over 80%) comparing healthy
tissue to samples that were classified as papilloma (16 weeks) and invasive squamous cell
carcinoma (48 weeks) regardless of the substrate used to place the samples. Statistical
measurements obtained comparing healthy skin to animals exposed to carcinogenic
factors for 8 weeks (free of malignancy based on the morphological and clinical evidence)
ranged from 35-78%, indicating that the ability of PC-LDA in correctly classifying spectral
data from cancerous and pre-cancerous lesions vary with the stage of the disease during the

tumorigenesis process. Thus, as a proof-of-concept, we demonstrate the feasibility of
FTIR spectroscopy in evaluating the biological events triggered by cancer using a labelfree methodology that do not rely on expensive substrates and do not disrupt the
pathologist workflow. This is a major step forward towards clinical application, since the
method can be used to complement the diagnostic process of cancer as a non-subjective
alternative that do not require laborious and time-consuming procedures nor expensive
probes as biomarkers.
Keywords: FTIR microspectroscopy; skin cancer; early diagnosis; image segmentation;
PCA-LDA; KMCA, HCA, RMieS-EMSC.
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1

Introduction

1.1

Nonmelanoma skin cancers
Tumour or neoplasia (from greek “neo”, new and “plassein”, form) is the generic

designation for the uncontrolled growth and proliferation of abnormal cells. The formation of
tumours results from mutations on genes responsible by cell cycle regulation, apoptosis and
DNA repair, which enable that mutated cells proliferate faster than healthy cells1. According to
their kinetics of growth and morphology, tumours are classified into benign or malignant.
Benign or non-cancerous tumours generally have a slower growth rate and the cells are usually
more differentiated (normal features). Cancer is the generic term of any malignant tumour and
characterizes more than 100 diseases whose cells are able to rapidly reproduce and spread
through the body (metastasis) in a way that affects the functioning of other organs2; 3.
Cancer is the second leading cause of death worldwide, accounting for an estimated 9.6
million deaths in 2018. The International Agency for Research on Cancer (IARC) estimated
18.1 million new cases of cancer in 2018, in which non-melanoma skin cancers (NMSC) are the
fifth most common type (Figure 1)4.

Figure 1. Global estimative for 36 types of cancers in 185 countries.

In Brazil, NMSC are the leading type of malignancy. The Brazilian National Institute of
Cancer (INCA) estimated the occurrence of approximately 566.220 new cases of cancer in 2018,
13

in which 30% are related to NMSC (Figure 2)5. Basal cell carcinoma (BCC) and squamous cell
carcinoma (SCC) are the most common types of NMSC. BCC is responsible for 70% of
diagnosed tumours and arise from cells located at the basal layer of epidermis. Although its high
incidence, BCC has a slow growth, it is locally invasive and rarely presents metastasis6; 7. SCC
originates from keratinocytes of epithelium layer and corresponds to 25% of the NMSC cases
recorded6; 7. Contrary to BCC, SCC presents a destructive and metastatic growth pattern.

Figure 2. Estimative of cancer in Brazil (2018)

NMSC are neoplasms with good prognosis and high cure rates if early detected. In clinical
practice, the diagnostic process begins with the visual inspection of a cutaneous lesion by a
physician, which may extract the lesion via biopsy in order to obtain accurate diagnosis through
histopathological examination8; 9. This approach is also the current gold standard diagnosis for
other types of cancer, which in general begin with genetic, biochemical, and structural changes
in cells/tissues that lead to morphological and clinical manifestations (signs and symptoms) of
the disease (Figure 3)10.

14

Figure 3. Biological events that occur during the cancer development.

Histopathology is based on the morphological changes and abnormalities that occur on
cells and tissues during the transition from healthy to diseased state. The examination is
performed by a pathologist that analyses abnormalities on tissue architecture, presence of cells
at different locations, appearance of inflammatory cells, abnormalities on cell morphology,
unusual number of mitotic figures, etc11. The association of both clinical and histopathological
examination has been extraordinarily successful as a first-line diagnostic tool in the last years,
however, intra- and interobserver discrepancies regarding disease diagnosis are often obtained
due to the subjectivity of the method that depends on the experience and training of both
physician and pathologist. Thus, new technologies based on genetic and biochemical changes,
so-called molecular pathology, have been investigated over the past years in order to
complement the diagnostic process and reduce the reliance on morphological and clinical
features11.
The main focus of molecular pathology is identifying molecular alterations during the
disease progression involving techniques developed in biochemistry, cell and molecular
biology, proteomics and genetics such immunohistochemistry (IHC), immunofluorescence (IF),
in situ hybridization (ISH), microRNA (miRNA) analysis, polymerase chain reaction (qPCR),
DNA microarray, in situ RNA sequencing, DNA sequencing, etc12. Despite the high sensitivity
and specificity for accurate diagnosis, disease classification, treatment response and disease
progression, the methods used in molecular pathology are laborious, time-consuming and rely
on the use of expensive labeled antibodies/nucleic acid probes13; 14.
1.2

Infrared Spectral Histopathology
During the last years, Raman and Infrared (IR) spectroscopy have been proposed as

molecular pathology tools11. These methods interrogate the chemical profile of a sample based
on its chemical vibrations, enabling the evaluation of biochemical information using spectral
15

signatures instead of probing for the presence of targeted markers11. Although Raman and IR
spectroscopy are based on different modes of interaction between the incident light and the
sample15, both technologies provide biochemical information about the analyzed sample
monitoring the internal motion of atoms in molecules11. Conventionally, IR spectroscopy is
widely used to analyze large sample areas (tissue samples) due to the relatively short time
required to perform the measurements, whereas Raman spectroscopy is preferred for single cell
analysis15.
In the view of spectroscopic methods, cells and tissues are complex samples. The collected
spectrum is the superposition of all spectra of the individual molecular units that compose the
specimen (nucleic acids, carbohydrates, lipids, and proteins). Thus, the analysis of biological
samples is much more complex than the simple explanation of the features of single component
vibrations, in which the effect of each structure may interact with the others and result in the
amplification or reduction of a specific signature16. In light of this, the currently challenge is to
decode the complex spectral signatures retained by spectral data and use this information for
medical diagnosis11;

17

. Results from a number of laboratories worldwide indicate that IR

spectroscopy has been fully succeeded as a non-subjective diagnostic tool for cancerous
(Cervix17, lung18; 19; 20, breast21; 22; 23, skin16; 24; 25, brain26; 27, prostate28; 29; 30, colon31; 32, thyroid33,
etc.) and non-cancerous diseases (Alzheimer’s34, diabetes35; 36 , etc.) as well as to monitor the
effects of drug treatments on disease progression/regression13; 17; 37; 38; 39; 40. Despite the many
proof-of-concept studies demonstrating the effectiveness of IR spectroscopy in detecting
biological disorders with high levels of sensitivity and specificity, the techniques still remains
in the research environment and translation into clinical practice has been relatively slow mainly
due to the substantial cost of infrared transparent substrates required to collect chemical images.
1.3

Objectives
The main objective of this research is to evaluate the diagnostic ability of infrared

chemical images collected from samples placed on conventional glass slides as alternative
substrate for FTIR spectroscopy. Specific objectives include:

16



Evaluating the influence of sample preparation, clustering algorithms, substrate to
place the samples, and computational preprocessing methodologies to segment
FTIR hyperspectral images for histopathologic recognition;



Using information retained by spectra in discriminating healthy tissue from
cancerous and pre-cancerous specimens obtained from the skin of animals exposed
to chemical carcinogenesis;

17

2

Chemical carcinogenesis

2.1

Background
Using animal models for the study of skin carcinogenesis have been widely employed in

preclinical and research tests due to their molecular similarities with the human tumourigenesis.
Different methodologies can be used to induce cutaneous cancers including ultraviolet radiation
(UVR), tumour cells transplantation and chemical carcinogenesis. Skin cancers induced via
UVR provides a more physiologically relevant method for assessing the mechanisms of
cutaneous tumorigenesis due to the analogy with the carcinogenic agents that cause the disease
in humans. However, the biological events that lead to cancer apply only to tumours arising on
skin, and thus do not describe the mechanisms in other types of cancers. Furthermore, UV
radiation is more effective in hairless mice, which complicates the ability to evaluate genetically
manipulated mouse models produced in common strain backgrounds41. Injection of human
cancer cell lines into mice has also been extensively used in several studies. However, such cell
lines undergo multiple adaptations to cell culture, which compromises the representativeness of
the induced cancer compared to the disease that arise spontaneously in a patient42.
Chemical carcinogenesis in mouse skin has been used for several decades and is based on
the administration of carcinogenic agents to the skin of animals. The chemical carcinogens may
be classified as initiators and promoters according to their role in the process of carcinogenesis.
Initiating agents are mutagenic chemicals that induce mutations in the key genes of epidermal
keratinocytes43. The damaged DNA must be replicated to occur the initiation, therefore cells
exposed to the carcinogen must undergo at least one cycle of proliferation10. This event is
irreversible; however, no visible tumours will appear until ‘promoted’ by the application of a
promoting agent43, which induce biochemical rather than genetic alterations. In the same way
as the initiators, promoting agents are not able of inducing tumours when applied alone.
The protocols used in the chemical carcinogenesis can be classified into ‘complete’ or
‘two-stage’. On the complete protocol, a single high dose of a carcinogenic factor (or repeated
applications of a lower dose) that acts as both initiating and promoting components is applied
in the mice skin in order to develop the tumours43. On the two-stage protocol, animals are first
submitted to initiators followed by additional treatments with promoting agents. The
18

interpretation of the results obtained by the complete protocol may be complicated due to the
inability to distinguish events associated to the tumour initiation and promotion stages. On the
other hand, in two-stage protocol these phases can be distinctly separated both operationally and
mechanistically43.
All chemical initiators are electrophiles (electron-deficient molecules) that can react with
nucleophilic (electron-rich molecules) sites in cells10. The polycyclic aromatic hydrocarbon
7,12-dimethyl-benzanthracene (DMBA) is one of the most common agents used as initiator in
two-stage skin carcinogenesis. DMBA results in mutations to regulatory genes in epidermal
keratinocytes by interacting with DNA and inducing an A→T transversion in codon 61 of the
Hras1 gene. This mutation can be observed in the epidermis 1 week after DMBA application
and results in the production of permanently activated Ras proteins, which regulate pathways
responsible by controlling cell proliferation, differentiation, and survival43. Currently, 12-Otetradecanoylphorbol-13-acetate (TPA) is one of the most used tumour promoting agents.
Although the exact mechanisms whereby TPA induces skin tumours are not fully understood, it
is known that TPA stimulate cell signaling, increase production of growth factors and generate
oxidative stress and inflammation that promote tumour growth41. The result of the promotion
stage is the development of clonal outgrowths of skin referred as papillomas, which may be
converted into carcinomas according the genetic background of mice and the doses of
carcinogenic factors41;

43

. During the conversion, additional genetic alterations may occur

independent of continued treatment with tumor promoting agents including trisomies of
chromosomes 6 and 7, as well as mutations in Trp5343.
The main goal of the present study is to evaluate the ability of FTIR spectroscopy in
discriminating cancerous and non-cancerous tissue obtained via two-stage chemical
carcinogenesis protocol. This section is focused in describing the animal experiment, sample
preparation, macroscopic and microscopic results obtained by the protocol.

2.2

Methodology
Animal experiment
After approval by the Committee on Animal Research and Ethics (164/15-CEUA-

IPEN/SP) (attached), 77 female Swiss mice were submitted to a well-established two-stage
19

chemical carcinogenesis protocol43. In the first phase (induction), the shaved backs of the mice
were submitted to a single dose of DMBA (50 μg diluted in 200 μl of acetone). One week later,
the animals underwent twice a week to applications of TPA (5 μg diluted in 200 μL acetone).
Control group (healthy) only received topical applications of acetone during the experiment and
the remaining animals were exposed to TPA for 8, 16 and 48 weeks as described in Table 1.
Table 1. Experimental mice groups
Group

Period of exposure to promoting
agent (weeks)

G1 (n=12)

-

G2 (n=12)

8

G3 (n=12)

16

G4 (n=41)

48

In the first phase of the experiment, animals were submitted to general anesthesia using
ketamine (0.001 ml/g) associated to xylazine (0.0005 ml/g) intraperitoneally. The carcinogens
were applied in a laminar flow to ensure the safety of the manipulator. Animals were euthanized
at the end of the experiment using overdose of anesthetics and the specimens were extracted
with a scalpel.
Sample preparation
Specimens extracted from animals were formalin-fixed and paraffin-embedded (FFPE).
Two adjacent histological slices (5 and 10 μm thickness each) were obtained using a microtome.
The first slice (5 μm thickness) was prepared in a conventional glass slide, dewaxed and stained
with hematoxylin and eosin (H&E) according to the international standards and coverslipped.
The second slice (10 μm thickness) was placed on calcium fluoride (CaF2) substrates (Crystran
Ltda., Poole, Dorset, UK). No chemical dewaxing or staining was performed on the second slice
and it was not coverslipped.
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2.3

Results

2.3.1 Macroscopic evaluation
The first tumours appeared between the 12th and 14th weeks of application of the
promoting agent. Initially, such lesions appeared as a keratinized nodule (arrow in Figure 4.B)
that subsequently evolved into highly vascularized wart-like lesions (Figure 4.C). The formation
of papillomatous lesions was heterogeneous in the animals, so that it was possible to observe
the formation of only one or multiple papillomas in the same animal. After 48 weeks applying
TPA, the animals presented ulcerated lesions in the basal part and extensive area of necrotic
tissue on the surface (Figure 4.D).

Figure 4. Panels describing the appearance and progression of cutaneous lesions typically obtained in
chemical carcinogenesis. A: Animal with no evidence of lesions after 8 weeks of application of the
carcinogenic factors. B: Keratinized nodule (arrow) typically obtained after 12-14 weeks. C: Highly
vascularized wart-like lesions obtained after 32 weeks. D: Animal presenting ulcerated lesions in the
basis part and extensive area of necrosis on the surface (48 weeks).

The longtime of experiment added to the debilitated state induced by the carcinogenesis
protocol resulted in a significant loss of the initial number of animals. Figure 5.A shows the
survival rate of animals during the experiment. It is possible to observe a reduction of
approximately 50% in the number of animals exposed to the experiment during 48 weeks (G1
and G4), 25% of animals from G2 and 35% for G3 group.
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Figure 5. A: Survival rate of animals during the experiment. B: Animals that developed the disease at
the end of chemical carcinogenesis.

The formation of papillomas and their progression into squamous cell carcinoma occurs
stochastically and depends on several factors including genetic characteristics of the lineage
used as animal model, doses of chemicals and period that mice were exposed to carcinogenic
agents41. Thus, some animals may not develop the disease. Figure 5.B shows the number of
animals that survived to the experiment as well as the presence of macroscopic features
indicating the development of the disease. Mice from G1 (healthy skin) were not exposed to
carcinogenic agents, therefore presented no clinical signs of the disease. Skin lesions were not
observed in animals of group G2, suggesting that at this moment, if the disease is under
development, it is still in the primary stages (genetic, biochemical or morphological changes).
All mice from G3 group presented visible tumour nodules similar to those depicted by arrow in
Figure 4.B. For G4 group, 45% of the animals that survived to the experiment did not develop
the disease and 55% presented clinical evidence indicating the formation of neoplasms.
2.3.2 Histopathological evaluation
Histopathological evaluation is the gold standard method for the classification of
cutaneous tumours, therefore the histological characteristics of the specimens were preserved
and evaluated by a pathologist. Tumours induced on animals of G3 and G4 groups showed high
inter- and intra-animal variability for both macroscopic and microscopic aspects. Thus, each

22

tumour (specimen) was considered as a sample unit instead of the number of animals per group
(Table 2).
Table 2. Number of sample units (specimens) obtained per group
Group

Number of mice that
survived to the experiment

Number of sample units
(specimens) collected from animals

G1

6

6

G2

9

9

G3

8

12

G4

10

25

The specimens were classified into healthy skin, papilloma, superficial and invasive SCC
according to their histological aspects. Figure 6 shows the frequency of the histological patterns
observed in the specimens collected from mice groups.

Figure 6. Frequency of the histological patterns observed in the specimens collected from mice groups.

Microscopic aspects of healthy tissue were evidenced in the specimens collected from
animals of G1 (Figure 7.A) and G2. Both groups presented intact epidermis composed by 3 or
4 layers of keratinocytes covered by a thin layer of keratin (stratum corneum). The dermis
presented dense connective tissue with hair follicles and organized hypodermis. Inflammation
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or changes in vascularization were not observed. Some specimens of G2 presented areas with
histological aspects indicating microscopic alterations induced by DMBA/TPA (Figure 7.B).

Figure 7. Representative photomicrographs of histological aspects observed in the histological
specimens of G1 (A), G2 (B) and G3(C).

Papillomatous lesions were observed in 100% of the histological sections of animals from
G3 and in 5 specimens from G4 group (Figure 7.C). The lesions presented intense proliferation
of keratinocytes (epithelial hyperplasia) in exophytic pattern covered by a thick keratin layer
(hyperkeratinization), moderate connective tissue with inflammation underlying the
papillomatous lesions and, in some cases, intense cellular atypia.
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Figure 8. Histological aspects of specimens classified as superficial (A) and invasive SCC (C). B and D
represent higher magnification of regions delimited by red rectangles in A and C.

Figure 8.A shows a photomicrograph representing the lesions observed in 20% of
specimens from G4 that were classified as superficial SCC. The lesions presented
hyperkeratinization, poor connective tissue with intense inflammation and epithelial hyperplasia
with superficial invasion into the dermis. Ulcerated connective tissue and areas of necrosis were
observed in some cases. Specimens of G4 that were classified as invasive SCC (52% of sample
units) presented intense epithelial hyperplasia with a solid invasiveness pattern, poor connective
tissue with intense inflammation, extensive and moderate necrotic areas and intense atypia
(Figure 8.C). Some sample units collected from animals exposed to carcinogenic factors for 48
weeks presented histological aspects of both papillomas and superficial SCC in the same
histological slide.
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3

FTIR data acquisition and preprocessing

3.1

Fourier Transform Infrared (FTIR) Spectroscopy
Spectroscopy is defined as the set of analytical techniques that are able to obtain physical

and/or chemical information based on the interaction of electromagnetic radiation with a
sample44. In Fourier transform Infrared (FTIR) spectroscopy, a multi-frequency beam of midinfrared radiation (wavelengths range from 1 to 10 μm) is focused onto the material and the
profile of the transmitted/reflected radiation is collected and compared against a non-absorbing
background45; 46. The photons of infrared radiation are absorbed by the sample based on the
interaction of the incident electromagnetic field with the molecular electric dipoles created
between atoms that are vibrating in the sample. The frequency of this vibration is characteristic
and unique for different functional groups relating to unique frequencies of light being absorbed.
By this way, it is possible to identify which molecules or chemical bonds are present in the
analyzed sample46. The absorbed frequencies are usually presented as an absorption spectrum,
which relates the frequencies (in units of wavenumbers) with the intensity of absorption (in
arbitrary units)45. Due to its ability to identify macromolecules of major biochemical
importance, FTIR spectroscopy has become particularly interesting in the study of biological
tissues47; 48.

3.2

FTIR data acquisition

3.2.1. Data collection
The most used experimental setups for acquiring FTIR spectral data include transmission,
transflection and Attenuated Total Reflection (ATR). Each sampling mode offers convenience
for some samples and challenges for others47.
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Figure 9. Schematic representation of the three main sampling modes for FTIR spectroscopy:
transmission (A), Transflectance (B), and Attenuated total reflection (C).

In ATR sampling mode, the sample is placed on an internal reflection element (IRE) with
a refractive index higher than the analyzed material, inducing total internal reflection of the
infrared beam that reaches the sample by passing through the reflection element. The radiation
is attenuated and penetrates into the sample as an evanescent wave (Figure 9.C)49. The IRE
commonly used are made by diamond, ZnSe, Germanium or Silicon47. The penetration depth of
the evanescent wave ( d p ) into the sample vary according the incident wavelength (  ), angle of
incidence of radiation (  ) and the refractive indices of sample ( n2 ) and IRE ( n1 ) as shown in
equation 149; 50.

dp 

 / n1
2

 n1  
2  sen    

 n2  

(1)

FTIR measurements acquired on ATR mode require little or no sample preparation
method and do not present spectral distortions as the commonly obtained in transmission and
transflection51. The main disadvantage of using ATR is that sample may be destructed during
the measurements due to the pressure required to achieve good contact between the sample and
the IRE47.
In transflection mode, the radiation interacts with the sample and it is reflected back by a
reflector substrate (Figure 9.B). The most common material used for this purpose is glass coated
with a layer of Ag/SnO2, which are known as low-emissivity (low-e) slides. These substrates
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are cheaper than those required in transmission, but are still expensive in comparison to the price
of the conventional glass slides employed in standard histopathology. Recently, aluminum foil
has been proposed as a cheap and versatile substrate to collect spectral data in transflection mode
and has a great potential to promote a transition towards accessible substrates that can be readily
implemented in either research or clinical practice52. The main disadvantage of acquiring FTIR
spectra in transflection mode is the variety of physical effects that occur simultaneously to
absorption that may give rise to undesired spectral distortions that must be corrected
computationally prior any analysis47;

53; 54

. Besides the common artifacts induced by light

scattering, an electric-field standing wave may be induced in the surface of the substrate for samples
with thickness less than 2.3 μm55; 56; 57; 58.
In transmission mode, spectra are collected considering the non-absorbed radiation that
pass through the sample (transmitted radiation). For this, the samples are placed in mid-infrared
transparent substrates (Figure 9.A) such potassium bromide (KBr), barium fluoride (BaF2),
calcium fluoride (CaF2) or zinc selenide (ZnSe). In the case of biofluids, cells and soft tissue
samples, KBr is unsuitable due to its water solubility. Contrary to the obtained in transflection,
standing-wave artifacts are not observed in spectra collected in transmission. However, spectral
distortions induced by scattering are commonly observed, therefore must be corrected before
spectral analysis.
The main disadvantage in acquiring spectra on transmission mode is the high cost of the
substrates required to place the samples. CaF2 slides are by far the most used substrate to acquire
FTIR images by light transmission. Despite the satisfactory results obtained, translation into
clinical practice has been relatively slow due to the substantial cost of mid-infrared transparent
substrates. In addition, these substrates are fragile and require that sample preparation has to be
carried out manually instead of the conventional automated equipment used in the clinical
practice. Bassan et al demonstrated that standard glass histology slides have the potential to be
used for infrared chemical imaging of tissue23. Figure 10 shows the transmittance spectra of
CaF2 and glass substrates, in which it is possible to observe that spectral region over the range
1000-1800 cm-1 is transparent to CaF2 but it is fully absorbed by glass. This region is commonly
referred as fingerprint due to the high number of vibrational modes associated to the main
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molecular units that compose biological samples (lipids, nucleic acids, proteins, and
carbohydrates).

Figure 10. Transmittance spectra of conventional glass slides and CaF2 substrates over the mid-infrared
spectral region.

Figure 11 shows spectra collected in transmission mode from healthy cutaneous tissue
placed on CaF2 and glass substrates. Despite the opacity of glass in the fingerprint region, it
does have a narrow transmission window covering the regions occurring at 2500-4000 cm-1 that
is commonly referred as high wavenumber region.

Figure 11. Absorbance spectra of healthy cutaneous tissue placed on glass slides and CaF2
substrates over the mid-infrared spectral region.

The fingerprint region have been largely employed by different studies evaluating the
biomedical applications of FTIR spectroscopy and few studies have investigated the diagnostic
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potential of high wavenumber region. In light of this, the present study evaluated the ability of
both spectral ranges to discriminate healthy from diseased tissue (Chapter 5) as well as to
segment FTIR images in order to identify the histological structures of the skin (Chapter 4).
Samples were placed onto glass and CaF2 as described in section 2.2.2. FTIR
hyperspectral images were collected on transmission mode using a Spotlight 400N FTIR
imaging system (Perkin Elmer, Waltham, MA, USA) equipped with an AutoImage microscope
system operating with a ×40 Cassegrain objective and a liquid nitrogen cooled mercury
cadmium telluride (MCT-A) line detector. Spectral data were recorded with a pixel size of
6.25×6.25 μm at a spectral resolution of 4 cm-1 and 8 scans per pixel. Background measurements
were acquired on a region free of tissue with 120 scans per pixel. Spectral measurements were
acquired over the range 750-4000 cm-1 for samples placed on CaF2 and 2500-4000 cm-1 for
samples on glass slides. The data collection was performed at the Technological University of
Dublin (TUD) in collaboration with Prof. Hugh J. Byrne.

3.3

Data preprocessing

3.3.1 The RMieS-EMSC algorithm
FTIR spectra collected in transmission and transflection modes are subjected to undesired
spectral contributions non-related to the phenomenon of light absorption. Among these, Mie
scattering has been identified as the main responsible for inducing spectral distortions, which
may be presented as resonant or non-resonant.
In non-resonant Mie-type scattering (or classical), the most prominent spectral distortion
is a broad sinusoidal oscillation in the baseline upon which the absorption bands are
superimposed. From theory, it is known that the interaction of electromagnetic radiation with a
dielectric sphere of dimensions close to that of the wavelength of light will induce strong
scattering59. Thus, the origin of classical Mie scattering relates to the similar length-scale of the
cellular components from biological samples to the wavelengths used in FTIR spectroscopy (110 µm)57. In Figure 12.A, the baseline alterations induced by classical Mie scattering are
depicted by dashed red line.
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In resonant Mie scattering (when there is simultaneous scattering and absorption), the
most obvious effect is the so-called ‘anomalous dispersion’ or ‘dispersion artefact’, which has
been recently demonstrated to have origin in contributions of the real component of the
refractive index57. The artifact is presented in the spectrum as a dip in the absorption profile on
the high wavenumber side of the band peaking between 1600-1700 cm-1 (amide I) (red arrow in
Figure 12.A)53. Still as result of the artefact, alterations in intensity and position of the amide I
band can also be observed (in Figure 12.A, the Amide I is incorrectly peaking at 1644 cm-1).
The non-correction of dispersion artifacts can lead to erroneous interpretation and conclusions
of the biochemical features retained by spectral data. Thus, the spectral datasets acquired in
transmission must be corrected prior any analysis59.

Figure 12. A: Raw FTIR spectrum with spectral distortions induced by Mie scattering. Sinusoidal
oscillations in the baseline are represented by dashed red line, whereas the dip in the high wavenumber
side of Amide I (1644 cm-1, shifted of its original position) is highlighted by the red arrow. B: FTIR
spectrum free of scattering distortions after correction using RMieS-EMSC algorithm.

The so-called “Resonant Mie Scattering - Extended Multiplicative Scatter Correction
(RMieS-EMSC)” protocol has been fully succeeded in correcting spectral distortions induced
by Mie scattering53; 54; 57; 59; 60. Figure 12.B shows the same spectrum of panel A after correction
using RMieS-EMSC, in which the amide I is shifted for its correct position (1656 cm-1) and the
baseline alterations as well as the anomalous artifact are completely removed. The RMieSEMSC algorithm has been well succeeded in vibrational spectroscopy in removing contributions
from a given interfering signal, baseline corrections, offsets, and normalizing spectral data.
The algorithm operates taking into account the mathematical equation describing the
resonant Mie scattering59, while the multiplicative part of the algorithm compensates for the
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differences in the optical path length and normalizes the spectra57; 59. In order to satisfactorily
correct the spectral distortions, 4 variables play an important role as input parameters:
1. Diameter of the scattering particles;
2. Refractive index;
3. Reference spectrum;
4. Number of iterations;
In our study, we considered scattering particles with diameters between 2-10 μm and
refractive index values between 1.1 and 1.5, which are recommended values for biological
tissues.
The spectrum used as reference can be the average spectrum of each image or a spectrum
with similar characteristics. Many studies have used the spectrum of Matrigel, a gelatinous
protein mixture secreted by Engelbreth-Holm-Swarm (EHS) mouse sarcoma membrane
(Corning®, NY, USA), as reference for the algorithm since its composition contains all the key
components expected in tissue (lipids, proteins, nucleic acids, and carbohydrates). However, the
FTIR images used in our study were obtained from samples paraffin-embedded, and thus present
additional vibrational modes related to paraffin that are not considered in Matrigel. Thus, in
order to evaluate the influences of the reference spectrum in the final correction, both Matrigel
and averaged spectrum were separately used as input for the algorithm.
The RMieS-EMSC algorithm takes the scatter-free reference spectrum (ZRef) in order to
reconstruct the raw spectrum (ZRaw). At the end of the first iteration/correction, the corrected
spectrum (ZCorr) presents similarities to both ZRef and ZRaw. In the following, ZCorr is used as the
new reference spectrum in a new iteration in order to obtain more accurate representation of the
pure absorbance spectrum. According to Bassan et al, the number of iterations used as input in
the RMieS-EMSC depends on the experiment being performed. The raw spectral data must be
corrected to the point where the biochemical differences between classes are greater than the
scattering differences to allow accurate discrimination between the groups53. In our study,
satisfactory data discrimination were only achieved using 10 iterations.

32

3.3.2 Removal of paraffin bands
The acquisition of FTIR spectra via transmission requires samples with thickness not
exceeding 12 μm in order to avoid non-linear responses in the detector47. For this, tissue samples
are placed in a more rigid fixative, in a process known as embedding, and subsequently are
submitted to microtome in order to precisely obtain histological sections with specific thickness.
In the present study, the samples were paraffin embedded, whose molecule is composed by long
hydrocarbon chains that are infrared active. Figure 13.A shows the FTIR spectrum of paraffin
and B represents a spectrum commonly obtained from biological tissue paraffin-embedded.

Figure 13. FTIR spectrum of paraffin (A) and biological tissue paraffin-embedded (B).

The bands identified at 1462, 1472, 2848, 2916 and 2954 cm-1 are assigned to paraffin and
must be excluded from spectra prior any analysis30; 61. The removal can be performed by using
chemicals or computationally. In the first case, the samples are subjected to paraffin solvents
(usually xylenes or hexane) prior the acquisition of data. Despite the satisfactory results obtained
by this method, the reagents may also induce chemical alterations in tissue as well as increase
the non-resonant Mie scattering effects by the formation of empty spaces that act as scattering
centers. Furthermore, keeping tissue in paraffin creates some degree of refractive index
matching that reduces the spectral distortions due to resonant Mie scattering23. In the case of
digital dewaxing, computational algorithms are employed to neutralize the paraffin
contribution31 or simply by truncating the spectra and excluding regions of paraffin bands.
In our study, tissue samples placed on CaF2 were left embedded in paraffin and the regions
containing absorption bands of wax (1350-1490 cm-1 and 1800-3100 cm-1) were manually
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removed from spectra. For tissue prepared in conventional glass slides, the samples were
chemically dewaxed and stained by H&E as previously described in the sample preparation
section.
3.3.3 Spectra and Second derivatives
The information retained by spectral datasets can be assessed by different approaches in
terms of input data. The most commonly used are the spectra and their second derivatives.
Figure 14 show the fingerprint (A) and high wavenumber (B) regions of absorbance spectra
collected from healthy cutaneous tissue placed on CaF2.

Figure 14. Fingerprint (A) and high wavenumber (B) regions of FTIR spectra collected from healthy
cutaneous tissue placed on CaF2 substrate. C and D depict the second derivatives calculated from
spectrum in A and B.

In spectra, the bands associated to distinct vibrations from sample are presented in the
graphic as maxima, which may overlap to each other according to the proximity of bands peak
position. In the case of overlapping, the information provided by bands with lower absorption
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intensity may not be accessible due to the stronger intensity of bands nearby. In such cases,
second derivative filters represent a good alternative to enhance the resolution of infrared
spectral data62. In our study, spectra and their second derivatives were employed in different
occasions, as will be discussed in Chapters 4 and 5.
Figure 14.C and D show the second derivatives calculated from spectra depicted in panels
A and B, in which the bands identified in spectra as maxima are converted into minima. The
biological assignments of vibrational modes identified in Figure 14 are summarized in Table 3.
Table 3. Biological Assignments for Vibrational Modes Observed in the Second Derivative of Averaged
Spectra
Band peak (cm-1)

Biological assignment 63; 64

1032

Carbohydrates

1082

PO-2 symmetric,
Carbohydrates

1164

Carbohydrates

1202

Fibrous proteins

1234

PO-2 asymmetric,
Fibrous proteins

1282

Fibrous proteins

1338

Fibrous proteins

1550

Amide II (proteins)

1632

β-sheet structure of Amide I (proteins)

1660

α-helix structure of Amide I (proteins)

3298

Amide A

FTIR spectra of cells and tissues are a complex superposition of the individual spectra of
basic molecular units (carbohydrates, nucleic acids, proteins, and lipids) that compose biological
samples. Bands peaking at 1032, 1082, and 1164 cm-1 are assigned to C−O/C−C stretching
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vibrations of carbohydrates65. Vibrational modes at 1202, 1234, 1282 and 1338 cm-1 are
attributed to the fibrous structure of proteins, mainly collagen and elastin in the case of skin
samples64;

66; 67

. Bands in 1082 and 1234 cm-1 are also attributed to PO2- symmetric and

asymmetric stretching vibrations from phosphodiester bonds of nucleic acids.
Spectral range from 1500–1800 cm-1 provide information about peptide bonding in
proteins and their secondary structures. Band peaking at 1550 cm-1 is reported to amide II
vibration and results from the combination out-of-phase of the N–H in plane bend and the C–N
stretching vibration with smaller contributions from the C–O in plane bend and the C–C and N–
C stretching vibrations68; 69. The sub-bands of Amide I peaking in 1632 cm-1 (β-sheet) and 1660
cm-1 (α-helix) are associated to secondary structures of proteins and can only be identified taking
the second derivatives instead of spectra. These vibrations result from the C=O stretching with
minor contributions from the out-of-phase C–N stretching, the C–C–N deformation and the N–
H in-plane bend68. Besides the bands peaking in the fingerprint region, a vibrational mode
associated to proteins can also be observed in the high wavenumber region peaking at 3028 cm1

. This band is commonly referred as Amide A and arise from N–H of peptide bonding.

3.4

Data analysis

3.4.1 Principal Component Analysis (PCA)
In biospectroscopy, the differences between spectral data collected from healthy and
diseased groups may not be immediately obvious upon visual inspection. Thus, sophisticated
statistical methods may be required in order to assess subtle differences that a human observer
cannot easily see. PCA is often the first tool employed to gain insight into any patterns within
the data as well as for exploratory analysis (i.e. with no prior knowledge of the samples).
PCA is an unsupervised multivariate statistical method used to reduce the dataset
dimensionality. The procedure is an orthogonal transformation that constructs the principal
components (PCs) as linear combinations of the original variables weighted by their
contribution to the original overall variance70.
The starting point for the PCA technique is the original data matrix 𝑋:
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Each sample is represented by a line-vector and each variable by a column-vector. In this case,
each sample (vector-line) corresponds to one spectrum and each variable (vector-column) is
represented by the absorbance values of the wavenumbers associated to spectra. The
mathematics behind PCA aims to decompose our data matrix X ( I  J ) into two matrices, which
are the scores, T , and loadings, L , so that:
X  TLT

the scores retain the relation between samples, while the loadings indicate the relation between
the variables. This decomposition is equivalent to a change of basis of the space of the original
variables, J , to the space of principal components. Each one of the J columns of matrix L
define the direction of a new axis, i.e. of a principal component in the new basis. If there is
correlation between the original variables, not all J principal components are required to
represent the data, but only a subset of them. The matrix of scores is constructed so that the new
variables (PCs) retain the variance of the original data in a decreasing way, i.e., the first PC (PC1) retains the most variance from the data set while the last component retains the least
variance45; 71.
The interpretation of PCA results must be carried out using information from both
matrices of scores and loadings. In order to exemplify how to evaluate the PCA results, consider
the situation in which 100 FTIR spectra of healthy cells are compared to 100 spectra of cancer
cells in a hypothetical experiment. The average spectrum obtained for healthy and neoplastic
groups are shown in Figure 15.A, in which it is possible to identify bands absorbing at the
wavenumbers represented by A, B, C , D, E, F, G and H. No significant changes are observed
comparing the averaged spectra from both groups. Therefore, the data matrix containing all 200
spectra is decomposed into the matrices of scores and loadings using PCA.
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Figure 15. Example of results obtained by PCA applied to FTIR spectra (A) in a hypothetical experiment.
B: Scores plot using PC-1 and PC-2. C: Loadings plot of PC-1. D: Superimposition of loading and scores
plots.

The projection of the original observations (absorbance associated to each wavenumber)
into the PC space is graphically represented using the so-called scores plot (Figure 15.B). In the
present case, the scores plot plane was constructed using the first two columns of the matrix of
scores (PC-1 and PC-2) and retain 96% of the overall variance of the original data (78%+18%).
In Figure 15.B, the scores associated with healthy spectra are grouped on the positive side
of PC-1, whilst scores related to cancer cells are on the negative side. Thus, we conclude that
the first principal component is able to satisfactory discriminate both groups. Figure 15.C shows
the loadings plot of PC-1 and provide information about the variables responsible by data
discrimination in the scores plot. Negative loadings (A, B, D, E, F, G and H) indicate bands
presenting higher absorption intensity in the scores grouped in the negative side of PC-1, whilst
the positive loadings are related to bands grouped in the positive side. Figure 15.D shows the
loading plot superimposed to the score plot in order to facilitate the understanding of the
technique. The vibrational modes A, B, D, E, F, G and H are directed towards to the region
where the scores of cancer cells are grouped, indicating that these vibrational modes present
higher absorption intensity in cancer cells compared to the healthy group.
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4

FTIR image segmentation
Background
For decades, histopathology with routine hematoxylin and eosin staining has been and still

remains the gold standard in studying the morphological features of tissue samples72. However,
new imaging technologies that are able to provide simultaneously information about histological
structures as well as the localisation and magnitude of molecular units (proteins, nucleic acids,
lipids, and carbohydrates) have been explored over the past decades as potential tools in
studying tissue sections73. Among the current methods used for imaging, FTIR
microspectroscopy shows great promise as a tool to assess the tissue architecture74. The
combination of spectroscopy and microscopy technologies enabled wide-field scanning of a
sample, providing a hyperspectral image with tens of thousands of spectra in a few minutes47.
Infrared spectroscopic imaging provide morphochemical maps that are able to provide both
spatial and compositional information based on signatures of vibrations containing molecular
interactions occurring between biomolecules13.
Figure 16.A shows a non-processed FTIR hyperspectral image collected from healthy
cutaneous tissue, in which it is not possible to identify the morphological structures of skin, i.e.,
dermis, epithelium, and stratum corneum. In general, raw datasets acquired on FTIR imaging
mode are not able to provide information about morphology. However, the images can be
segmented/reconstructed by distinct approaches in order to generate pseudocolor maps that
reveal relevant information about histological structures. Different clustering algorithms have
been proposed as segmentation methods aiming to increase the information content of FTIR
images62; 75; 76; 77. For this, spectral data are used as input for some clustering method in order to
partitionate the dataset into sub-groups (clusters) of spectra with similar spectral features. The
differences between the data within each cluster are minimised, whereas the differences between
clusters are maximised. At the end of the segmentation process, each cluster represent regions
of the image with similar biochemical profiles45. Figure 16.C shows the same FTIR image of
panel A after segmentation into 4 clusters using K-means cluster analysis (KMCA), in which
the structures of skin (EP, epithelium; D, dermis; *, stratum corneum, and #, regions free of
tissue) can be identified.
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Figure 16. Segmentation of FTIR image using K-means clustering analysis. A: Non-processed FTIR
image. B: Photomicrograph of specimen H&E stained. C: FTIR image partitioned into 4 sub-groups (D,
dermis; EP, epithelium; *, stratum corneum; #, regions free of tissue).

Most studies about segmentation of FTIR images have focused on evaluate the influence
of distinct algorithms used to partitionate the datasets. However, the final result achieved postsegmentation may be influenced by several other parameters including the spectral data used as
input, preprocessing methodologies, the substrate used to place the specimens prior image
acquisition, and sample preparation. Systematic comparative tests of such parameters as well as
their influence on image segmentation are still missing. Thus, the present section aims to
evaluate the ability of two well-established pattern recognition methods (KMCA and
Hierarchical cluster analysis, HCA) as segmentation algorithms to reconstruct FTIR
hyperspectral images varying the substrate used to place the samples as well as the
methodologies used to preprocess the spectral data.

Methodology
4.2.1 Image segmentation
Figure 17 shows the workflow with the different methodologies used in this study to
reconstruct the FTIR hyperspectral images. As mentioned in the section 2.2.2 (sample
preparation), 2 sequential histological slices were obtained from FFPE tissue blocks and placed
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on CaF2 (non-stained) and glass substrates (H&E stained). FTIR images were collected from
both substrates according to the parameters described in the section 3.2.1 (data collection).

Figure 17. Workflow for image segmentation using distinct methodologies

The raw images were submitted to RMieS-EMSC algorithm in order to remove dispersion
artifacts induced by scattering as well as to normalize the data. The spectrum used as reference
for the RMieS-EMSC algorithm was varied (Matrigel or average spectrum) aiming to evaluate
the influence of the reference spectrum in the image segmentation. In the following, the
fingerprint (1000-1800 cm-1) and high wavenumber (3100-4000 cm-1) regions from images
collected on CaF2 substrates were truncated and used separately as input for image
reconstruction. For samples placed on glass, only the high wavenumber region was assessed due
to the opacity of glass in the fingerprint region. Second derivatives were calculated from spectra
and both were employed as input for image segmentation using HCA and KMCA algorithms.
4.2.2 Tissue specimen
FTIR hyperspectral images were acquired from histological sections obtained from the
same FFPP block of tissue of papilloma shown in Figure 18.A. False-color maps obtained after
segmentation were compared in terms of image quality and consistency with standard
histopathology in order to evaluate the ability of each method to reproduce the histological
structures of the specimen (D, dermis; EP, epithelium; K, keratin; NT, regions with no tissue).
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Figure 18. A: Photomicrograph of specimen used to collect FTIR images in order to evaluate the
influence of different methodologies in the clustering task (K, keratin; EP, epithelium; NT, regions free
of tissue; D, dermis). Green and red rectangles depict the ROI that FTIR images were acquired from
tissue placed on CaF2 (B) and glass (C).

Figure 18.B shows a screenshot of the software used to operate the spectrophotometer
during the acquisition of FTIR image collected from tissue placed on CaF2 (non-stained). The
red rectangle represents the region of interest (ROI) in the specimen that the hyperspectral image
was collected and it is depicted in Figure 18.A by the region delimited by blue rectangle. In
Figure 18.C, the red rectangle depicts the ROI related to the hyperspectral image acquired from
tissue placed on glass substrate and it is represented in Figure 18.A by the green rectangle. The
comparison of blue and green rectangles in Figure 18.A indicate that FTIR images collected on
both glass and CaF2 substrates were not acquired from the exact same region.

Results
The basic idea of using clustering algorithms to obtain pseudocolor maps from FTIR
spectral data collected on imaging mode is to partitionate all pixels of the image into subgroups
(clusters), which are presented in distinct colors in the obtained image at the end of the process.
Figure 19 shows a FTIR hyperspectral image segmented into 2 (Figure 19.B), 3 (Figure 19.C)
and 4 (Figure 19.D) clusters in order to demonstrate how the segmentation process works. The
FTIR image was collected from tissue placed on CaF2 substrate and the pixels were clustered
by KMCA using the fingerprint region of second derivatives.
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Figure 19. A: Photomicrograph of specimen depicting the ROI that FTIR image was acquired. FTIR
image segmented into 2 (B), 3 (C), and 4 (D) clusters using KMCA

The comparison of the pseudocolor map depicted by Figure 19.B (2 clusters) to the
photomicrograph of the specimen (Figure 19.A) indicate that 2 clusters are not sufficient to
reproduce the histological structures of the skin. The only information provided by this falsecolor map is the identification of regions with and without tissue, which are represented by
pixels colored in red and black respectively. In the image reconstructed by 3 clusters (Figure
19.C), the pixels previously associated to tissue are partitioned into 2 new subgroups
representing epithelium (green) and dermis (blue). The white asterisks (*) highlight pixels that
were assigned to regions free of tissue in the image partitioned into 2 clusters and that were
updated for pixels representing tissue in the Figure 19.C. Changes in the assignment of pixels
according to the number of subgroups used to partitionate the image may be expected due to the
differences between the data within each cluster, especially for pixels located on the border of
different regions whose spectra may retain mixed information from both sides. In the image
reconstructed by 4 clusters (Figure 19.D), the pixels on the border are assigned to a new cluster
related to the keratin layer (yellow). Thus, the identification of histological structures can be
achieved by increasing the number of clusters used to reconstruct the FTIR image. However,
despite the high correlation between the image segmented into 4 clusters with the
photomicrograph, it is still not possible to identify the keratin structure depicted by the black
asterisk in Figure 19.A. Therefore, it is necessary to modify the methodology used to obtain the
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false-colors maps in order to precisely reproduce the histological structures of the specimen.
These alterations may include:
1.

Increasing the number of sub-groups to partitionate the image;

2.

Using other pattern recognition techniques (HCA, random forest,

support vector machines, artificial neural networks, …);
3.

Modifying the substrate in which the sample was collected;

4.

Changing the input data and/or the preprocessing methods (spectra, first

derivatives, second derivatives, reference spectrum used in the RMieS-EMSC, …)
5.

Altering the spectral region (high wavenumber or fingerprint region or

by using bands peaking in a specific range)
Reconstructing FTIR image collected from tissue placed on CaF2 substrate
(fingerprint spectral region)
Figure 20 show false-color maps obtained from a FTIR image segmented by HCA (panels
A, B, E and F) and KMCA (panels C, D, G and H) using 4 (A, B, C and D) and 8 (E, F, G and
H) clusters to partitionate the pixels. The FTIR image was collected from tissue placed on CaF2
substrate and the fingerprint region of spectra (1000-1800 cm-1) were used as input data for each
clustering algorithm. Panels A, E, C and G relate to images submitted to RMieS-EMSC using
Matrigel as reference spectrum, whereas images from panels B, F, D and H were corrected
taking the average spectrum calculated from each image as reference.
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Figure 20. False-color maps achieved by using the fingerprint region of spectra from FTIR image that
was segmented by HCA (panels A, B, E and F) and KMCA (panels C, D, G and H) using 4 (A, B, C and
D) and 8 (E, F, G and H) clusters to partitionate the pixels. Panels A, E, C and G relate to images
submitted to RMieS-EMSC using Matrigel as reference spectrum, whereas images from panels B, F, D
and H were corrected taking the average spectrum calculated from each image as reference.

At a first glance, the false-color map depicted in panel G is the most similar to the
photomicrograph of the specimen, in which it is possible to identify pixels related to epithelium
(green), dermis (blue), keratin layer (different shades of yellow) and regions with thin layers of
tissue (grey) and no tissue (black). Despite the poor similarity between the images depicted by
panels A, B, C, D, E, F and H to the photomicrography, both HCA and KMCA algorithms
presented similar results regarding the segmentation process, i.e., the maps A×C, B×D and F×H
are similar to each other. Only the pairwise comparison E×G presented poor correlation.
Figure 21 show maps obtained by the same parameters used to reconstruct the images
depicted in Figure 20, but using second derivatives instead of spectra as input data.

Figure 21. False-color maps obtained by using second derivatives of fingerprint region as input data to
partitionate FTIR image collected from tissue placed on CaF2.
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Most of the false-color maps showed high correlation with the photomicrograph. In panels
A-H, the different shades of yellow encode keratin, green pixels depict epithelium, regions free
of tissue are represented in black, blue relate to dermis and red indicate pixels on the border of
distinct histological regions that could not be unequivocally assigned to epithelium, dermis or
keratin. The image represented in panel H achieved the highest degree of correspondence in
terms of reproducing the structures of the specimen and was the only one able to identify the
keratin structure highlighted in Figure 19.A by the black asterisk. On the other hand, the image
shown in panel B showed the lowest degree of similarity, since not even the keratin layer was
evidenced.
Reconstructing FTIR image collected from tissue placed on CaF2 substrate (high
wavenumber region)
The previous section evaluated the false-color maps obtained by distinct image
segmentation methods using the fingerprint region (1000-1800 cm-1) of spectra as input. In this
section, the high wavenumber region was used to reconstruct the FTIR hyperspectral images
collected from tissue placed on CaF2 substrates in order to evaluate the influence of different
spectral ranges to reproduce the histological structures of skin. Unlike the fingerprint region that
is composed by many vibrational modes associated to different molecular units (proteins,
carbohydrates, lipids, and nucleic acids), the high wavenumber region presents only the
vibration associated to Amide A (proteins). Figure 22 show the false-color maps achieved after
image reconstruction using spectra as input.

Figure 22. False-color maps obtained by using the high wavenumber region of spectra as input to
partitionate the FTIR image.
5.2.1
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All segmented images presented poor quality and consistency compared to standard
histopathology. The pairwise comparisons of the results obtained by HCA and KMCA (A×C,
B×D, E×G, and F×H) indicate similar outcomes using both clustering algorithms.

Figure 23. False-color maps obtained by using the high wavenumber region of second derivatives
calculated from spectra as input to partitionate the FTIR image.

Figure 23 present the results obtained by using the second derivatives as input data. All
images presented high resemblance to the photomicrography (green = epithelium, blue = dermis,
yellow = keratin layer, black = regions free of tissue, red = pixels on the border of distinct
histological regions), in which the best results were achieved by using the segmentation
approaches that were used to reconstruct the morphochemical maps depicted by panels F and
H. In both cases, the keratin structure highlighted by the black asterisk in Figure 19.A was
identified and it is represented by pixels colored in light-green. Despite the high resemblance
between panels F and H, there is a subtle variation that is highlighted in panel F by white
asterisks (*). This region is associated to dermis and it was correctly assigned to it in panel H
(blue pixels). On the other hand, the map reconstructed by HCA failed in correctly identifying
such regions, and thus recognized them as regions on the border of distinct histological regions
(red pixels). Similar findings were also observed in the pairwise comparison B×D. For the
comparisons A×C and E×G, HCA and KMCA achieved similar results
Reconstructing FTIR image collected from tissue placed on glass slide (high
wavenumber region)
Figure 24 and 26 show the false-color maps obtained by using spectra and second
derivatives as input data to segment the FTIR image collected from tissue placed on glass
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substrate. As mentioned before, the fingerprint region of spectra is not available due to the
opacity of glass. Thus, only bands peaking at the high wavenumber range were used for image
reconstruction.

Figure 24. False-color maps obtained by using the high wavenumber region of spectra as input to
partitionate the FTIR image acquired from tissue-samples placed on glass.

All morphochemical maps obtained by using spectra (Figure 24) presented poor quality
and noisy aspect compared to the maps reconstructed from images collected on CaF2 substrates.
However, it is possible to identify pixels associated to dermis (blue) and epithelium (green) but
with no success in evidencing the keratin structure highlighted by black asterisk in Figure 19.A.

Figure 25. False-color maps obtained by using the high wavenumber region of second derivatives as
input to partitionate the FTIR image acquired from tissue-samples placed on glass.

None of the false-color maps reconstructed using second derivatives (Figure 25) were able
to reproduce the histological structures of the specimen. The images presented a considerable
increase in the noisy aspect compared to the images segmented taking the spectra as input data.
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Discussion
False-color maps obtained from FTIR images collected from tissue fixed onto CaF2
presented higher quality and similarity to standard histopathology than samples placed on
conventional glass. Second derivatives achieved better results than spectra, indicating that
overlapped vibrational modes increase the information of FTIR images. Noisy aspect was
observed in the images acquired from glass, suggesting that HCA and KMCA were not able to
precisely assign the pixels to the histological structures of the specimen. The satisfactory results
obtained using the high wavenumber region of images acquired on CaF2 suggest that the
recognition of histological features in images collected on glass is being adversely affected by
the additional procedures used in sample preparation instead of the spectral range used as input
in the clustering task. It is known that the removal of paraffin using chemicals contribute to
spectral distortions related to Mie scattering23, nevertheless, such effects are satisfactory
removed by RMieS-EMSC algorithm. Thus, the dewaxing and staining procedures may have
resulted in contributions that negatively minimize the spectral differences between the data
within each cluster, and thus affecting the quality and consistency of the reconstructed images.
Measurements should be performed on glass using paraffin-embedded and unstained samples
in order to confirm this hypothesis. To the best of our knowledge there are only two studies that
used conventional glass as substrate to collect FTIR chemical images from tissue-samples23; 28.
Satisfactory segmentation and high image quality were achieved in both cases, in which the
authors were able to correctly identify pixels related to epithelium, stroma, blood, necrosis, and
concretion (luminal secretions commonly found in benign prostate acini). However, it is
important to notice that Random forest was employed in both cases to reconstruct the FTIR
images instead of HCA or KMCA. Random forest is a robust pattern recognition method that
operates using training and testing sets in the prediction task (supervised algorithm), which may
be more sensitive in detecting small differences presented by the datasets and, consequently,
achieve better results in correctly recognizing the histological features of samples. Random
forest should be performed in our data to confirm this hypothesis.
Although there are several studies evaluating the influence of different algorithms to
segment hyperspectral images, there is still no consensus about which method is suitable for the
clustering task. According to our findings, the images segmented by KMCA presented slightly
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superior ability in correctly assigning the pixels of false-color maps to the histological structures
of the specimen. Lasch and coworkers showed that HCA proved to be better than fuzzy C-means
and KMCA in differentiating the structures of colorectal adenocarcinoma section75. Thus, the
image segmentation seems to be a try and error process whose ability to correctly reproduce the
morphological features of the specimen vary with the type of sample. Furthermore, the fact that
distinct written in-house algorithms have been employed in different studies by research groups
worldwide is also a key factor influencing the variability of the obtained results.
The large majority of proof-of-concept studies that evaluated the potential biomedical
applications of FTIR spectroscopy have considered the vibrational modes of fingerprint region
as most useful for diagnostic purposes due to the higher amount of bands associated to the
molecular units that compose the cells (lipids, carbohydrates, nucleic acids, and proteins).
However, in our study, the second derivatives of datasets obtained from tissue placed on CaF2
achieved similar outcomes using the fingerprint and high wavenumber regions, suggesting that
the vibrational modes in both spectral range provide sufficient information to correctly
reconstruct the images. Even the false-color maps obtained by taking the spectra as input data,
which failed in revealing the histological structures of the specimen, demonstrated similar
outcomes comparing the results achieved by both regions (except the images corrected by the
RMieS-EMSC using the Matrigel as reference spectrum). Matrigel spectrum is the most used as
reference in several studies, however it does not take into account the paraffin contributions.
Thus, we used both Matrigel and average spectrum as reference for RMieS-EMSC in order to
evaluate their influence in the final result. Our findings indicate that the choice of reference
spectrum has very little difference on the outcome of image analysis. In Figure 22 and 24, the
keratin layer is not evidenced in the false-color maps segmented into 4 clusters using the average
spectrum as reference, and thus suggest better outcomes by using Matrigel. However, this issue
was solved by increasing the number of subgroups to partitionate the images, as can be observed
in maps segmented into 8 clusters. In an investigation about the role of the initial spectrum used
as reference for RMieS-EMSC, Bassan and coworkers investigated the effects of three different
spectra used as reference in correcting the same data. According to their findings, similar
outcomes are achieved regardless the reference spectrum when using higher number of
iterations53. Thus, the number of iterations used to preprocess the images in our study (10
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iterations) may not have resulted in identical false-color maps, but the differences between the
images reconstructed by Matrigel and average spectrum are relatively small.

Conclusions
In this chapter, HCA and KMCA statistical techniques were used as segmentation
algorithms to reconstruct FTIR hyperspectral images in order to evaluate the ability of falsecolor maps in reproducing the histological structures of a primary papilloma. The images were
segmented using several different approaches varying the substrate to place the sample (CaF2
or conventional glass), the spectrum used as reference for RMieS-EMSC algorithm as well as
the input data (spectra or second derivatives) for each clustering technique. Fingerprint (10001800 cm-1) and high wavenumber (3100-4000 cm-1) regions from images collected on CaF2
were separately used as input for image reconstruction and only the high wavenumber range
was employed in the case of samples placed on glass. All pseudocolor maps were compared to
standard histopathology in order to evaluate the quality and consistency of images after
segmentation. Satisfactory results were obtained by using the second derivatives instead of
spectra, in which the false-color maps from FTIR images collected from tissue placed on CaF2
presented higher resemblance to standard histopathology than tissue mounted onto glass. Our
findings indicate that vibrations over the range of high wavenumber region provide sufficient
information in reconstructing images similar to the obtained using fingerprint range. We
demonstrated that the number of iterations used in RMieS-EMSC is more important than the
spectrum used as reference to correct datasets. Thus, despite the slightly superior ability of
KMCA in correctly assigning the pixels of morphochemical maps to the histological structures
of the specimen, we concluded that the choice of substrate, input data and preprocessing
methods, as well as the sample preparation have more influence in the final results than the
clustering algorithm used to reconstruct the images.
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5

Staging nonmelanoma skin cancer using Infrared Spectral

Histopathology
5.1.

Background
Over the past decades, FTIR spectroscopy has emerged as a potential candidate to

complement histopathology in the study and diagnosis of tissue diseases47; 78; 79. Contrary to the
histological examination, which relies on the morphological tissue alterations assessed by visual
inspection of stained samples73, FTIR chemical imaging is a rapid and label-free tool that probe
the state of biological samples based on their overall biochemical status11. Despite the many
proof-of-concept studies demonstrating the effectiveness of FTIR spectroscopy in detecting
biological disorders with high levels of sensitivity and specificity, the technique still remains in
the research environment and translation into clinical practice has been relatively slow80.
The substantial cost of infrared transparent substrates required to collect chemical images
is one of the main challenges that have hindered the transition of FTIR spectroscopy from
fundamental research to clinical arena23; 28. Typically, the price of infrared substrates ranges
from $40-150 per slide (according to the quality and purity), while 1 box containing 50
conventional glass slides costs only $5.Thus, alternative substrates have been investigated by
spectroscopic community in order to reduce the costs demanded by FTIR technology.
An additional factor that will facilitate the implementation of the technique into the
clinical environment is the development of a methodology that do not disrupt the pathologist's
workflow, i.e., the measurements must be performed using the same specimen and sample
preparation currently used during the diagnostic process. In this context, glass slides are the
most obvious alternative for acquiring infrared spectra. However, placing the samples into
conventional histology slides implies in not using the fingerprint region of spectra due to the
opacity of glass. Although it has already been demonstrated that glass presents a transmission
window in the high wavenumber spectral region (2500-4000 cm-1)28, few studies have
investigated its diagnostic potential. In light of this, the present chapter is focused in demonstrate
the ability of FTIR spectroscopy in discriminating healthy skin from different stages of skin
cancer using tissue samples placed on glass and CaF2 substrates.
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5.2.

Methodology

5.2.1 Tissue samples
Tissue specimens were prepared and placed on CaF2 and glass substrates following the
methodology described in the section 2.2.2. The procedures used in sample preparation may
induce artifacts in the histological sections, so that not all sample units were submitted to FTIR
imaging. Table 4 shows the number of images acquired from each mice group.
Table 4. Number of FTIR hyperspectral images acquired from glass and CaF2 substrates from different
groups.

Group

Number of images collected from samples
placed on CaF2 substrates

Number of images acquired from
samples mounted on glass

G1

9

8

G2

9

7

G3

7

7

G4

7

6

For G4 group, the hyperspectral images were collected only from specimens classified as
invasive squamous cell carcinoma.
5.2.2 FTIR data acquisition and spectral analysis
Infrared chemical images were acquired from samples placed on each substrate as
described in the section 3.2.1. Not all spectra in a hyperspectral image present good quality, and
thus must be removed prior any analysis. K-means clustering algorithm was applied to the
images in order to identify poor quality data (Figure 26). The images collected from tissue
placed on CaF2 were submitted to RMieS-EMSC algorithm using the averaged spectrum
calculated from each image as reference to correct distortions induced by scattering as well as
to normalize the datasets. Subsequently, the spectral contributions of paraffin were removed
from spectra using the procedure reported in the section 3.3.2, and the fingerprint and high
wavenumber region of second derivatives were separately used as input data in KMCA. For
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samples mounted on glass, KMCA the images were only processed for non-classical Mie
scattering.

Figure 26. Workflow for preprocessing FTIR images

After removing poor quality data, healthy tissue was compared to other groups in order to
evaluate the ability of FTIR spectroscopy to discriminate spectra from animals exposed to
carcinogenic factors (G1×G2, G1×G3, G1×G4). For this, a matrix was constructed for each
group (G1, G2, G3 and G4) containing non-excluded data from all images. Figure 27 shows the
workflow used to compare G1 to G2, and similar methodology was used in other pairwise
comparisons (G1×G3 and G1×G4). Firstly, the original matrix of each group was randomly split
into 2 new matrices. A training set was constructed using 50% of data from G1 and 50% of G2,
while the remaining data were employed to generate a testing set. Both training and testing sets
were submitted to PCA and the first 3 principal components from training set were used as input
to obtain a classification model via Linear Discriminant Analysis (LDA). The model was
validated by hold-out cross-validation using 50% of data, and the LD function was subsequently
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applied to the scores plot obtained using the 3 principal components calculated from testing set
in order to evaluate the capability of the model in classifying new elements.

Figure 27. Workflow for the construction of Linear Discriminant model based on PCA that was used in
spectral analysis.

At the end of the process, the accuracy, specificity and sensitivity obtained in each binary
classification test were calculated considering true positive (TP) as PC-scores from animals
exposed to chemicals that were correctly identified in the carcinogenesis groups; true negative
(TN) as PC-scores from healthy animals correctly assigned to healthy group; false positive (FP)
as PC-scores from healthy animals identified in groups that underwent to chemical; false
negative (FN) as PC-scores from animals exposed to carcinogenic agents that were assigned to
healthy group. Sensitivity measures the ability of the method to associate data from G2, G3, and
G4 to the group of animals exposed to carcinogenic factors, whereas specificity measures the
ability of the technique to correctly attribute spectral data acquired from healthy animals to
healthy group.
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5.3.

Results

5.3.1 Tissue specimens placed on CaF2 substrates (fingerprint spectral region)
Fingerprint region is by far the most used in studies evaluating the potential of FTIR
spectroscopy as a diagnostic tool. Figure 28 shows the fingerprint region (1000-1800 cm-1) of
averaged second derivatives calculated from spectral data collected for each group, in which it
is possible to identify the vibrational modes of distinct cellular components.

Figure 28. Averaged second derivatives calculated from fingerprint region of tissue placed on CaF2. G1
(blue), G2 (yellow), G3 (green), and G4 (red).

Figure 29 shows the statistical measurements (accuracy, sensitivity and specificity)
obtained by PC-LDA as a binary classification test to discriminate healthy tissue from groups
submitted to carcinogenesis.
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Figure 29. Statistical measurements obtained by PC-LDA as a binary classification test to discriminate
healthy from diseased groups (G1×G2, G1×G3, and G1×G4).

Satisfactory discrimination (over 80%) were achieved comparing spectral data collected
from healthy mice to animals exposed to 16 and 48 weeks of chemicals (G1×G3 and G1×G4).
On the other hand, the method presented poor performance in classifying scores related to G1
and G2. Furthermore, it is possible to observe that the values of statistical measurements
increase according to the period that animals underwent to carcinogenesis. Figure 30 show the
scores and loadings plots from pairwise comparisons that achieved satisfactory discrimination
by PC-LDA, i.e., G1×G4 and G1×G3.
According to the scores plots depicted in Figure 30.A and C, satisfactory data
discrimination were achieved along the first principal component (PC-1) in both G1×G4 and
G1×G3, in which most scores from animals exposed to carcinogenic factors are grouped on
positive values of PC-1 axis and scores from healthy mice lie in the negative side. PC-1 loadings
obtained in each pairwise comparison (Figure 30.B and D) indicate that similar variables are
responsible by data grouping in both cases. Considering that PCA was applied on second
derivatives, negative loadings are associated to positive scores and positive loadings relate to
negative scores. Thus, the vibrational modes that presented positive loadings (1032, 1082, 1160,
1202, 1234, 1282, 1338 and 1562 cm-1) represent bands with higher absorbance in the scores
grouped on negative side of PC-1, i.e., healthy group. On the other hand, the band peaking at
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1652 cm-1 presented higher absorbance in animals submitted to carcinogenesis. The vibrational
mode at 1632 cm-1 in Figure 28 was not identified in the loadings, suggesting a significant
decrease of β-sheet structures in mice submitted to 16 and 14 weeks of carcinogenesis. In Figure
28, the band related to Amide II is peaking at 1550 cm-1, but presented loadings 12 cm-1 towards
to higher wavenumbers (1562 cm-1). Vibrations of α-helix also presented peak position shifted
by 8 cm-1, but towards to lower wavenumbers (1652 cm-1).

Figure 30. PCA results obtained comparing G1 to G2 and G3 using the fingerprint spectral region. A and
C show scores plots of G1×G4 and G1×G3, respectively. B and D show loadings plots of PC-1 obtained
in each pairwise comparison.

According to Figure 29, poor statistical measurements were obtained by PC-LDA
comparing datasets from healthy group to animals exposed to carcinogenic agents for 8 weeks.
The scores plot calculated for G1×G2 is presented in Figure 31.
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Figure 31. Scores plot obtained in the pairwise comparison of G1×G2

No marked differences were observed in the scores plot even plotting higher order
principal components, suggesting that no clear biochemical changes are noticed between both
groups. Thus, the loadings were not evaluated in this case.
5.3.2 Tissue specimens placed on CaF2 substrates (high wavenumber spectral region)
Figure 32 shows the high wavenumber region (3100-4000 cm-1) of averaged second
derivatives calculated from spectral data collected from specimens placed on CaF2, in which it
is possible to identify the band associated to Amide A vibration.
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Figure 32. Averaged second derivatives calculated from high wavenumber region of spectral data from
G1 (blue), G2 (yellow), G3 (green), and G4 (red).

Figure 31 shows the values of accuracy, sensitivity and specificity achieved by PC-LDA
in discriminating data of healthy tissue from animals exposed to chemicals.
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Figure 33. Statistical measurements obtained by PC-LDA as a binary classification test to discriminate
healthy from groups exposed to carcinogenic agents (G1×G2, G1×G3, and G1×G4)

PC-LDA achieved performance above 80% for G1 × G3 and G1 × G4, and values over
70% for G1 × G2. The loadings and scores obtained for G1 × G3 and G1 × G4 are shown in
Figure 34.
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Figure 34. PCA results obtained comparing G1 to G2 and G3 using high wavenumber region. A and C
show scores plots of G1×G4 and G1×G3, respectively. B and D show loadings plots of PC-1 obtained
in each pairwise comparison.

PCA results indicated higher absorbance of Amide A in the groups submitted to
carcinogenesis. Contrary to the results obtained in the fingerprint region, shifts on band peak
position were not evidenced.
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Figure 35. Scores plot obtained in the pairwise comparison of G1×G2 using the high wavenumber region
of spectral data

As obtained for fingerprint region, the scores plot depicted in Figure 35 obtained poor
discrimination comparing datasets from healthy group to animals exposed to carcinogenic
factors for 8 weeks. Therefore, indicating high degree of biochemical similarity between
animals from both groups.
5.3.3 Tissue specimens placed on glass substrates (high wavenumber spectral region)
Figure 36 depicts the high wavenumber region (3100-4000 cm-1) of averaged spectra
obtained from tissue placed on glass substrates.
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Figure 36. Averaged spectra calculated from high wavenumber region of spectra from G1 (blue), G2
(yellow), G3 (green), and G4 (red).

The performance obtained by PC-LDA in classifying data from healthy animals and
groups that underwent to carcinogenesis is shown in Figure 37.

Figure 37. Statistical measurements obtained by PC-LDA as a binary classification test to discriminate
healthy tissue from groups exposed to carcinogenic factors (G1×G2, G1×G3, and G1×G4).

Pairwise comparisons G1×G3 and G1×G4 presented performance over 80% and their
scores and loadings plots are depicted by Figure 38.
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Figure 38. PCA results obtained comparing G1 to G2 and G3 using high wavenumber region collected
from specimens placed on glass substrates. A and C show scores plots of G1×G4 and G1×G3,
respectively. B and D show loadings plots of PC-1 obtained in each pairwise comparison.

The scores plots shown in Figure 38.A and C show that spectral data are grouped along
different principal components in each pairwise comparison. For G1×G4, the scores are
discriminated along PC-1, whereas in G1×G3 the second principal component achieved better
results. Despite the distinct PCs in which the datasets were grouped, similar findings were
evidenced assessing the loadings associated to each PC (Figure 38.B and D). Considering that
spectra were employed as input data, positive loadings relate to positive scores and negative
loadings are associated to negative scores. Thus, the Amide A vibration presented negative
loadings in both plots, indicating higher absorbance in the groups submitted to carcinogenesis.
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Figure 39. Scores plot obtained in the pairwise comparison of G1×G2 using the high wavenumber region
of spectral data collected from samples placed on glass slides.

Figure 39 shows the scores plot obtained in the pairwise comparison G1×G2. Similar to
the results obtained for tissue placed on CaF2, healthy tissue compared to animals exposed to
carcinogenic factors for 8 weeks presented poor discrimination, suggesting similar biochemical
features in tissue collected from animals of both groups.

5.4.

Discussion
Statistical measurements obtained by PC-LDA as a binary classification test in each

pairwise comparison (G1×G2, G1×G3 and G1×G4) presented increasing values according to
the period that animals were exposed to carcinogenic factors regardless the substrate used to
place the specimens. The ability of PC-LDA in discriminating spectral data from different
groups is associated to the level of biochemical similarity between the datasets compared. Thus,
animals exposed to chemicals for 48 weeks presented the highest degree of biochemical changes
compared to healthy tissue, while the animals that underwent to carcinogenesis protocol for only
8 weeks showed the lowest degree, i.e., higher resemblance to healthy features. These findings
are associated to the biochemical changes that carcinogenic agents induce in tissue during the
tumorigenesis process that lead to the appearance and progression of cancer. Histopathological
examination classified the animals submitted to carcinogenesis for 16 and 48 weeks as
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papilloma and invasive squamous cell carcinoma. On the other hand, histological findings
indicating malignancy were not observed in tissue specimens from mice exposed to chemicals
for 8 weeks. Thus, the ability of PC-LDA in correctly discriminate FTIR spectral data of animals
exposed to carcinogenic agents from healthy skin is correlated to the emergence of cancer as
well as to the stage of the disease.
Satisfactory data discrimination (over 80%) was achieved by PC-LDA comparing healthy
skin to specimens of papilloma and iSCC (G1×G3 and G1×G4) regardless the substrate used to
place the samples and spectral region. Thus, PCA loadings were evaluated in order to assess the
biochemical changes responsible by data grouping. For samples placed on CaF2, the vibrational
modes of fingerprint region associated to collagen and elastin (1202, 1234, 1282 and 1338 cm1

), as well as bands related to carbohydrates (1032, 1082 and 1164 cm-1) showed higher

absorption intensities in healthy tissue, therefore in reduced amounts in samples from papilloma
and iSCC. Similar findings were obtained by Mantsch et al, who described such behavior as
characteristic of malignant carcinomas81. Bodanese and coworkers associated the reduction of
collagen vibrations to the degradation of collagen fibers in the extracellular matrix (ECM) of
basal cell carcinoma82. The basic constituents of the ECM are fibrous proteins such collagen
and elastin, and carbohydrates associated or not to other molecules (glycoproteins,
glycosaminoglycans and proteoglycans)83. Thus, spectral changes on vibrations of these
molecules associated to the reduced connective tissue observed by histological examination in
cancerous specimens suggest abnormalities and disruption of ECM. Several studies have
demonstrated that deregulations in ECM play an important role in cancer by providing a
tumorigenic microenvironment that lead to cancer progression84; 85. Besides, ECM degradation
is mediated by a family of enzymes (matrix metalloproteinases, MMPs, which have presented
increased activity in several studies evaluating epithelial cancers induced by protocols similar
to the used in our study (TPA/DMBA)83; 86; 87; 88.
The abnormal features presented by cancer cells such uncontrolled proliferation, increased
cell division, immortalization, and other characteristics are mediated by a complex system
regulated by proteins. Thus, alterations in protein content may be expected due to the molecular
events and signaling pathways that take place during carcinogenesis. PCA loadings revealed
significant changes in chemical vibrations associated to proteins including shifts on band peak
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position. The shifts identified in vibrational modes related to Amide II (1550 cm-1 in healthy
tissue and 1562 cm-1 in groups exposed to carcinogenic factors) and α-helix structures (1660
cm-1 in healthy and 1652 cm-1 in animals that underwent to chemicals) indicate that cancerous
tissue present proteins whose secondary structures are slightly different from proteins observed
in tissue under normal conditions. These changes can be associated to the activation of new
proteins required in the biological events related to cancer progression as well as mutations in
the pre-existing proteins. In a study investigating the signatures of different histological
structures of skin (epithelium, dermis, and stratum corneum), our group demonstrated that
spectrum of epithelium is composed by bands associated to α-helix, but with no contributions
of β-sheet vibrations89. Therefore, the overexpression of α-helix and the significant decrease of
β-sheet structures observed in specimens from papilloma and iSCC results from the intense
proliferation of keratinocytes from epidermis invading surrounding tissue.
PC-LDA did not achieve satisfactory discrimination (over 80%) in classifying data from
G1 and G2 regardless the substrate used to place the specimens. However, it is important to
notice that the current gold standard methods classified all the specimens from mice exposed to
chemicals for 8 weeks as healthy, and thus presented 100% of failure in identifying evidence of
malignancy. On the other hand, statistical measurements obtained by PC-LDA ranged from 3578%, which is superior to the obtained by gold standard techniques.
A key factor that may adversely affect the performance of PC-LDA is the inclusion of
spectra extracted from healthy regions erroneously considered as altered by DMBA/TPA.
Contrary to the animals from G3 and G4 groups, which developed visible cutaneous lesions, the
skin of mice from G2 did not present clinical evidence of the disease. Thus, specimens from
healthy regions may have been extracted instead of tissue with genetic/biochemical alterations.
Although the chemicals have been applied throughout the dorsal part of the mice, the alterations
induced by carcinogens arise in random regions. In addition, not all animals that are submitted
to the carcinogenesis protocol develop the disease as described in Figure 5.B. Thus, if a
specimen from G2 group was collected from an animal that was not affected by the chemicals,
it will contribute with spectral signatures of healthy tissue and the performance of PC-LDA will
be adversely affected.
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5.5.

Conclusions
In this chapter, FTIR spectral data acquired from healthy skin were compared to tissue

specimens from animals submitted to different periods of exposure to carcinogenic factors in
order to evaluate the ability of FTIR spectroscopy in staging skin cancer. Measurements were
collected from samples placed on conventional glass and CaF2 substrates aiming to evaluate the
diagnostic potential of vibrational modes from high wavenumber region compared to fingerprint
spectral range. Datasets from healthy skin were compared to each group using PCA and the
performance of classification in each pairwise comparison was obtained via LDA model based
on the PCA components (PC-LDA). Our findings indicate that the ability of PC-LDA in
correctly classifying spectra of animals exposed to carcinogenic agents from healthy skin is
associated to the stage of the disease regardless the substrate used to place the specimens. For
both CaF2 and glass substrates, the method presented poor results in differentiating healthy
samples from specimens collected from mice submitted to carcinogenesis for 8 weeks,
nevertheless, achieved satisfactory results in identifying animals exposed to chemicals for 16
(papilloma) and 48 (SCC) weeks. Thus, we demonstrate that spectra acquired from H&E stained
samples on glass substrate provide valuable information in staging cancer, and thus the method
can be used to complement histopathology in the study and diagnosis of cancerous diseases
without requiring expensive substrates nor disrupting the pathologist's workflow.
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MATLAB SCRIPTS USED TO ANALYZE DATA
All pre-processing steps and spectral analysis performed in this study were carried
out on Matlab® R2015 (MathWorks, Natick, MA, USA).

1. Importing spectral data collected on Perkin Elmer FTIR spectrophotometer
FTIR spectral data acquired on imaging mode using a Perkin Elmer
spectrophotometer can be imported/converted to Matlab plataform using the
functions and scripts available online in the website below:
https://la.mathworks.com/matlabcentral/fileexchange/22736-perkinelmer-ir-datafile-import-tools

2. RMieS-EMSC algorithm
The RMieS-EMSC algorithm used to correct spectral distortions induced by
resonant and non-resonant Mie scattering can be downloaded from the website of
The International Society for Clinical Spectroscopy (CLIRSPEC):
https://clirspec.org/

3. k-means Cluster Analysis (KMCA)
The code below describes how to perform KMCA in FTIR datasets. As a condition
of use we ask that you reference a the following paper:
“ALI, S. M.; BONNIER, F.; LAMBKIN, H.; FLYNN, K.; MCDONAGH, V.;
HEALY, C.; LEE, T. C.; LYNG, F. M.; BYRNE, H. J. A comparison of Raman,
FTIR and ATR-FTIR micro spectroscopy for imaging human skin tissue sections.
Analytical Methods, v. 5, n. 9, 2013.”
Each row of the matrix Absorbance represents one spectrum, whereas
wavenumber is a vector containing the wavenumbers related to each spectral
point:
Absorbance = [FTIR_data];
wavenumber = [wavenumber];

% Savitzky–Golay smoothing
Absorbance = (Absorbance)';
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Absorbance_Smoothing_1 = sgolayfilt(Absorbance,2,11);
Absorbance_Smoothing_2 = sgolayfilt(Absorbance_Smoothing_1,2,11);
Absorbance_Smoothing_3 = sgolayfilt(Absorbance_Smoothing_2,2,11);
Absorbance_Final = (Absorbance_Smoothing_3)';
%%%%%%%%%%% IR CHEMICAL IMAGE %%%%%%%%%%%%%%%
for i = 1:length(Absorbance_Final(:,1))
B1(i,:) = mean(Absorbance_Final(i,1:end));
end
C = reshape(B1, length(yAxis), length(xAxis));
% yAxis and xAxis are variables obtained after importing FTIR spectral images
using the code described in “1. Importing spectral data collected on Perkin
Elmer FTIR spectrophotometer”
%%%%%%%%%%%%%%%% KMEANS CLUSTERING ANALYSIS %%%%%%%%%%%%%%
% 2 clusters image
IDX2 = kmeans(Absorbance_Final,2,'replicate',10,'MaxIter',1000);
D2 = reshape(IDX2, length(yAxis), length(xAxis), 1);
% 3 clusters image
IDX3 = kmeans(Absorbance_Final,3,'replicate',10,'MaxIter',1000);%
D3 = reshape(IDX3, length(yAxis), length(xAxis), 1);
% 4 clusters image
IDX4 = kmeans(Absorbance_Final,4,'replicate',10,'MaxIter',1000);
D4 = reshape(IDX4, length(yAxis), length(xAxis), 1);
% 5 clusters image
IDX5 = kmeans(Absorbance_Final,5,'replicate',10,'MaxIter',1000);
D5 = reshape(IDX5, length(yAxis), length(xAxis), 1);
% 6 clusters image
IDX6 = kmeans(Absorbance_Final,6,'replicate',10,'MaxIter',1000);
D6 = reshape(IDX6, length(yAxis), length(xAxis), 1);
% 7 clusters image
IDX7 = kmeans(Absorbance_Final,7,'replicate',10,'MaxIter',1000);
D7 = reshape(IDX7, length(yAxis), length(xAxis), 1);
% 8 clusters image
IDX8 = kmeans(Absorbance_Final,8,'replicate',10,'MaxIter',1000);
D8 = reshape(IDX8, length(yAxis), length(xAxis), 1);
% 9 clusters image
IDX9 = kmeans(Absorbance_Final,9,'replicate',10,'MaxIter',1000);
D9 = reshape(IDX9, length(yAxis), length(xAxis), 1);
% 10 clusters image
IDX10 = kmeans(Absorbance_Final,10,'replicate',10,'MaxIter',1000);
D10 = reshape(IDX10, length(yAxis), length(xAxis), 1);
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%%%%%%%%%% KMCA RECONSTRUCTED IMAGES %%%%%%%%%%
F1 = figure;
subplot(3,3,1)
imagesc(C);
colorbar
title('Chemical Map')
subplot(3,3,2)
imagesc(D3(:,:,1))
colorbar
title('3 clusters')
subplot(3,3,3)
imagesc(D4(:,:,1))
colorbar
title('4 clusters')
subplot(3,3,4)
imagesc(D5(:,:,1))
colorbar
title('5 clusters')
subplot(3,3,5)
imagesc(D6(:,:,1))
colorbar
title('6 clusters')
subplot(3,3,6)
imagesc(D7(:,:,1))
colorbar
title('7 clusters')
subplot(3,3,7)
imagesc(D8(:,:,1))
colorbar
title('8 clusters')
subplot(3,3,8)
imagesc(D9(:,:,1))
colorbar
title('9 clusters')
subplot(3,3,9)
imagesc(D10(:,:,1))
colorbar
title('10 clusters')
% Plotting all spectra from an image after segmentation into 6 clusters
aa = find(0<IDX6 & IDX6 < 2);
bb = find(1<IDX6 & IDX6 < 3);
cc = find(2<IDX6 & IDX6 < 4);
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5);
6);
7);
8);
9);
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11);

Cluster1 = Absorbance_Final(aa,:);
Cluster2 = Absorbance_Final(bb,:);
Cluster3 = Absorbance_Final(cc,:);
Cluster4 = Absorbance_Final(dd,:);
Cluster5 = Absorbance_Final(ee,:);
Cluster6 = Absorbance_Final(ff,:);
Cluster7 = Absorbance_Final(gg,:);
Cluster8 = Absorbance_Final(hh,:);
Cluster9 = Absorbance_Final(ii,:);
Cluster10 = Absorbance_Final(jj,:);
F3 = figure;
imagesc(D6(:,:,1))
colorbar
title('6 clusters')
F4 = figure;
subplot(2,5,1)
plot(wavenumber, Cluster1)
subplot(2,5,2)
plot(wavenumber, Cluster2)
subplot(2,5,3)
plot(wavenumber, Cluster3)
subplot(2,5,4)
plot(wavenumber, Cluster4)
subplot(2,5,5)
plot(wavenumber, Cluster5)
subplot(2,5,6)
plot(wavenumber, Cluster6)
subplot(2,5,7)
plot(wavenumber, Cluster7)
subplot(2,5,8)
plot(wavenumber, Cluster8)
subplot(2,5,9)
plot(wavenumber, Cluster9)
subplot(2,5,10)
plot(wavenumber, Cluster10)
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4. Hierarchical Cluster Analysis (HCA)
The code below describes how to perform HCA in FTIR datasets:
Absorbance = [FTIR_data];
wavenumber = [Wavenumbers];

% Savitzky–Golay smoothing
Absorbance = (Absorbance)';
Absorbance_Smoothing_1 = sgolayfilt(Absorbance,2,11);
Absorbance_Smoothing_2 = sgolayfilt(Absorbance_Smoothing_1,2,11);
Absorbance_Smoothing_3 = sgolayfilt(Absorbance_Smoothing_2,2,11);
Absorbance_Final = (Absorbance_Smoothing_3)';
%%%%%%%%%%% IR CHEMICAL IMAGE %%%%%%%%%%%%%%%
for i = 1:length(Absorbance_Final(:,1))
B1(i,:) = mean(Absorbance_Final(i,1:end));
end
C = reshape(B1, length(yAxis), length(xAxis));
%%%%%%%%%%%%%%%% HIERARCHICAL CLUSTERING ANALYSIS %%%%%%%%%%%%%%
Dist_Euclidiana = pdist(Absorbance_Final,'euclidean');
Cluster_Tree = linkage(Dist_Euclidiana,'Ward');

% 2 clusters image
HCA_2 = cluster(Cluster_Tree,'maxclust',2);
D22 = reshape(HCA_2, length(yAxis), length(xAxis), 1);
% 3 clusters image
HCA_3 = cluster(Cluster_Tree,'maxclust',3);
D33 = reshape(HCA_3, length(yAxis), length(xAxis), 1);
% 4 clusters image
HCA_4 = cluster(Cluster_Tree,'maxclust',4);
D44 = reshape(HCA_4, length(yAxis), length(xAxis), 1);
% 5 clusters image
HCA_5 = cluster(Cluster_Tree,'maxclust',5);
D55 = reshape(HCA_5, length(yAxis), length(xAxis), 1);
% 6 clusters image
HCA_6 = cluster(Cluster_Tree,'maxclust',6);
D66 = reshape(HCA_6, length(yAxis), length(xAxis), 1);
% 7 clusters image
HCA_7 = cluster(Cluster_Tree,'maxclust',7);
D77 = reshape(HCA_7, length(yAxis), length(xAxis), 1);
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% 8 clusters image
HCA_8 = cluster(Cluster_Tree,'maxclust',8);
D88 = reshape(HCA_8, length(yAxis), length(xAxis), 1);
% 9 clusters image
HCA_9 = cluster(Cluster_Tree,'maxclust',9);
D99 = reshape(HCA_9, length(yAxis), length(xAxis), 1);
% 10 clusters image
HCA_10 = cluster(Cluster_Tree,'maxclust',10);
D1010 = reshape(HCA_10, length(yAxis), length(xAxis), 1);
%%%%%%%%%% KMCA RECONSTRUCTED IMAGES %%%%%%%%%%
F1 = figure;
subplot(3,3,1)
imagesc(C);
colorbar
title('Chemical Map')
subplot(3,3,2)
imagesc(D33(:,:,1))
colorbar
title('3 clusters')
subplot(3,3,3)
imagesc(D44(:,:,1))
colorbar
title('4 clusters')
subplot(3,3,4)
imagesc(D55(:,:,1))
colorbar
title('5 clusters')
subplot(3,3,5)
imagesc(D66(:,:,1))
colorbar
title('6 clusters')
subplot(3,3,6)
imagesc(D77(:,:,1))
colorbar
title('7 clusters')
subplot(3,3,7)
imagesc(D88(:,:,1))
colorbar
title('8 clusters')
subplot(3,3,8)
imagesc(D99(:,:,1))
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colorbar
title('9 clusters')
subplot(3,3,9)
imagesc(D1010(:,:,1))
colorbar
title('10 clusters')
% Plotting all spectra from an image after segmentation into 6 clusters
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2);
3);
4);
5);
6);
7);
8);
9);
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11);

Cluster1 = Absorbance_Final(aa,:);
Cluster2 = Absorbance_Final(bb,:);
Cluster3 = Absorbance_Final(cc,:);
Cluster4 = Absorbance_Final(dd,:);
Cluster5 = Absorbance_Final(ee,:);
Cluster6 = Absorbance_Final(ff,:);
Cluster7 = Absorbance_Final(gg,:);
Cluster8 = Absorbance_Final(hh,:);
Cluster9 = Absorbance_Final(ii,:);
Cluster10 = Absorbance_Final(jj,:);
F3 = figure;
imagesc(D66(:,:,1))
colorbar
title('6 clusters')
F4 = figure;
subplot(2,5,1)
plot(wavenumber, Cluster1)
subplot(2,5,2)
plot(wavenumber, Cluster2)
subplot(2,5,3)
plot(wavenumber, Cluster3)
subplot(2,5,4)
plot(wavenumber, Cluster4)
subplot(2,5,5)
plot(wavenumber, Cluster5)
subplot(2,5,6)
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plot(wavenumber, Cluster6)
subplot(2,5,7)
plot(wavenumber, Cluster7)
subplot(2,5,8)
plot(wavenumber, Cluster8)
subplot(2,5,9)
plot(wavenumber, Cluster9)
subplot(2,5,10)
plot(wavenumber, Cluster10)
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