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Abstract

Skin cancer is the most common cancer, and its incidence is increasing each year. Its diagnosis is
based on a histopathological inspection by pathologists. Other imaging techniques are currently
being actively researched to assist pathologists in improving diagnostic accuracy. Fourier
Transform Infrared (FTIR) spectroscopy is gaining in popularity among researchers due to its
ability to provide spatially resolved biochemical and biological information while also being
compatible with histopathological samples. Furthermore, facilitating FTIR spectroscopic data
with various machine learning methodologies for automating classification has become a popular
practice. These methodologies have achieved high accuracy in discriminating cancerous samples
from healthy ones, but limited work has been done to determine the metastatic potential of cells
and optimize the FTIR spectroscopy protocol for achieving the best classification result.

This thesis reviewed all skin cancer studies that used FTIR spectroscopy as a potential
diagnostic tool to assess its effectiveness in various aspects of skin cancer research and to analyse
the performance of different methods used for differentiating diseased samples from healthy ones.
In addition, a model was developed to examine whether different malignant melanoma cell lines
(primary and metastatic) can be discriminated using the spectral data acquired from the samples.
Furthermore, the effects of different modes (transmission and transflection) and sample
processing methods (deparaffinized and paraffinized) on the acquired spectra were investigated,
and the combination providing the best classification result was determined.

According to the results of this thesis, FTIR spectroscopy can differentiate different types of
skin cancers from healthy samples as well as between different skin cancers (melanoma and non-
melanoma) and the most common non-melanoma cancers. Melanoma has received the most
attention in skin cancer research due to its ability to metastasize nearby lymph nodes and other
vital organs in a short period of time. FTIR spectroscopy has the potential to discriminate between
different malignant melanoma cells and possibly characterize their metastatic potential by
utilizing spectral features associated with them. Although good classification accuracy for
discriminating different malignant melanoma cells can be achieved in both modes and sample
types, spectral data acquired using the transflection mode from a paraffinized sample provides the
best classification result.

Keywords: classification, Fourier Transform Infrared Spectroscopy, melanoma,
metastases, multivariate analysis, skin cancer





Shakya, Bijay Ratna, Infrapunaspektroskopia ihosyöpien arvioinnissa: poten-
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Tiivistelmä

Ihosyövät ovat maailmanlaajuisesti yleisimpiä syöpiä, ja niiden ilmaantuvuus kasvaa joka vuo-
si. Ihosyöpien diagnoosi perustuu patologin tekemään histopatologiseen tutkimukseen. Kuvanta-
mistekniikoita tutkitaan aktiivisesti, jotta ihosyöpien diagnostiikkaa voitaisiin parantaa. Infrapu-
na (IR)-spektroskopia on kasvattanut suosiota tutkijoiden keskuudessa, koska sillä voidaan tut-
kia kudosleikkeistä alueellisia eroja kudoksen koostumuksessa. Kudosten IR-spektrien luokitta-
misessa käytetään usein koneoppimiseen perustuvia automaattisia menetelmiä. Näillä menetel-
millä on kyetty erottamaan tarkasti syöpäsolut terveistä soluista. Toisaalta syöpäsolujen metasta-
soimispotentiaalin määrittämiseksi IR-spektreistä on tehty vain vähän tutkimuksia, ja mittaus-
protokollia ei ole vielä optimoitu parhaimman luokitustuloksen saavuttamiseksi.

Tässä väitöskirjatyössä tehtiin kirjallisuuskatsaus kaikista IR-spektroskopiaa hyödyntävistä
ihosyöpätutkimuksista. Katsauksessa arvioitiin IR-spektroskopian soveltuvuutta ihosyöpätutki-
muksen eri osa-alueilla ja analysoitiin eri mittaus- ja data-analyysimenetelmien kykyä erottaa
sairaat ja terveet ihonäytteet toisistaan. Lisäksi tässä työssä kehitettiin malli, jolla pyrittiin luo-
kittelemaan pahanlaatuisia melanoomasolulinjoja niiden IR-spektrien perusteella. Työssä tutkit-
tiin myös eri mittausmoodien (transmissio ja transflektio) ja näytteenkäsittelymenetelmien (ei-
parafinoitu ja parafinoitu) vaikutuksia mitattuihin IR-spektreihin ja määritettiin näiden yhdistel-
mä, jolla saadaan paras tulos melanoomasolujen luokittelemisessa.

Väitöskirjan tulosten perusteella voidaan sanoa, että IR-spektroskopialla pystytään erotta-
maan eri ihosyövät terveestä ihokudoksesta ja tunnistamaan ihosyövän tyyppi. Melanooma on
saanut eniten huomiota ihosyöpätutkimuksessa, koska se pystyy muodostamaan etäpesäkkeitä
lähellä oleviin imusolmukkeisiin ja muihin elintärkeisiin elimiin lyhyessä ajassa. IR-spektrosko-
pialla voidaan erottaa eri pahanlaatuiset melanoomasolulinjat toisistaan ja mahdollisesti arvioi-
da melanoomasolujen metastasoimispotentiaalia IR-spektrien piirteiden perusteella. Melanoo-
masolujen luokittelutarkkuus oli hyvä molemmissa tutkituissa mittausmoodeissa ja näytetyy-
peissä, mutta paras luokitustulos saavutettiin, kun käytettiin parafinoituja näytteitä ja mittaukset
tehtiin transflektiomoodissa.

Asiasanat: etäpesäkkeet, ihosyöpä, infrapuna-spektroskopia, luokittelu, melanooma,
monimuuttuja-analyysi
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1 Introduction  

Skin is an organized structure that protects the body by acting as a barrier against 

the external environment. Because it is the most exposed part of the human body, 

it is subjected to a variety of environmental influences, including ultraviolet radia-

tion (UVR). Increased exposure to UVR leads to DNA damage and gene mutations, 

which is thought to be the primary cause of skin cancers (Laikova et al., 2019). 

Skin cancers are generally divided into two major groups, namely, non-melanoma 

and melanoma skin cancers. The two most common non-melanoma skin cancers 

are basal cell carcinoma (BCC) and squamous cell carcinoma (SCC). They are also 

the most frequently occurring skin cancers in humans (Craythorne & Al-Niami, 

2017). Melanoma is less common than non-melanoma cancers, but it is still respon-

sible for the majority of skin cancer-related deaths. Its ability to metastasize more 

rapidly to the lymph nodes and other organs if not diagnosed and treated at early 

stage is what makes it the most lethal form of skin cancer (Davis et al., 2019). 

Melanoma develops from the oncogenic transformation of melanocytes, which pro-

duce the pigment melanin that is responsible for the colour of our skin. Melanoma 

is becoming more common globally, with 324,635 new cases diagnosed in 2020 

(Sung et al., 2021). Primary melanomas have a high survival rate, but metastases 

in lymph nodes and in distant locations significantly reduce the survival rate. Cur-

rent treatment options for melanoma include surgical removal of the tumour, radi-

ation therapy and various drug therapies such as chemotherapy, immunotherapy 

and targeted therapy that targets specific genetic mutations of cancer cells (Davis 

et al., 2019). The only curable treatment for melanoma is surgical resection, which 

should be carried out in the primary stage. Once the melanoma metastasizes, the 

remaining treatment options only help in controlling the metastatic cells and pro-

longing the overall survival rate. So, it is critical to diagnose melanoma at an early 

stage and accurately determine the aggressiveness of diagnosed melanoma, as a 

precise diagnosis is crucial for effective treatment to provide favourable results and 

stop the disease progression. 

Histopathological inspection of the biopsied tissue is the commonly used 

method by pathologists for the diagnosis of melanoma. Histological features, such 

as tumour thickness, ulceration, mitotic rate, lymph node involvement and the dis-

tant metastasis status, are then reported to determine the aggressiveness of the dis-

ease (Elder et al., 2018). Despite extensive research into its various manifestations, 

histological features and patterns of spread, clinical diagnostic accuracy remains a 

challenge. The main issue is the subjectivity of the method, which is heavily reliant 
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on the experience of the pathologist (Elmore et al., 2017, 2018). Therefore, new 

methodologies and approaches for assisting pathologists in the accurate detection 

and characterization of melanoma have been constantly investigated. Dermoscopy, 

which allows dermatologists to visualise the morphological structures of the super-

ficial skin, is one of the most actively utilised techniques by dermatologists for 

enhancing the diagnostic accuracy of skin cancers (Argenziano & Soyer, 2001). 

Other potential optical techniques include e.g. optical coherence tomography, flu-

orescence spectrometry, reflectance spectrometry, Raman spectroscopy, and confo-

cal microscopy (Calin et al., 2013). Fourier Transform Infrared (FTIR) spectros-

copy, a method based on the study of molecular vibrations, is currently being ac-

tively studied to supplement the standard histopathological analysis and improve 

overall diagnostic accuracy. Similar tissue sections as in standard histopathology 

can be used for FTIR spectroscopy, making it a promising tool for enhancing the 

pathological assessment of skin cancer. In addition, facilitating the information ob-

tained from FTIR spectroscopy with machine learning can provide a reliable tool 

for automated objective classification of different cells present in the sample. Re-

cent advancements in FTIR spectroscopy have improved its capabilities in analys-

ing various biological samples, increasing the number of studies investigating its 

application for the diagnosis of skin cancer as well as various other cancers, indi-

cating it as an emerging tool for histopathological inspection (Su & Lee, 2020). 

FTIR spectroscopy measurements typically produce a spectrum from a sample 

consisting of several prominent peaks of various components present in the sample. 

These prominent peaks, as well as the ratios of certain peaks, are used as bi-

omarkers to evaluate and compare the differences between healthy and diseased 

samples (Bogomolny et al., 2010; Hammody et al., 2005; Mordechai et al., 2004). 

Methods such as second derivative and curve fitting are also commonly used to 

identify the sub-peak components within the specific prominent peak that contrib-

ute to the spectral change in peak absorption and are used as biomarkers (Ghimire 

et al., 2017; Giorgini et al., 2015; Lima et al., 2015; Srisayam et al., 2014). FTIR 

spectroscopy has been used in many aspects of skin cancer research. As melanoma 

is the most fatal form of skin cancer, the majority of the research conducted in the 

field has been directed toward melanoma. FTIR spectroscopy has been used to dis-

criminate melanoma from healthy samples (Ghimire et al., 2017; Hammody et al., 

2008), melanoma from other skin lesions (Giorgini et al., 2015; Hammody et al., 

2005; Tfayli et al., 2005) and melanoma from non-melanoma cancers (Kyriakidou 

et al., 2017). It has also been used to assess the efficacy of drugs used to treat mel-
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anoma (Wald, Le Corre et al., 2016). Although it is important to know the aggres-

siveness of diagnosed melanoma in order to provide accurate treatment, only a few 

studies have attempted to characterize the metastatic potential of melanoma cells 

(Minnes et al., 2017; Wald & Goormaghtigh, 2015). In addition, research units 

working on the diagnosis of melanoma have used their own protocols, which results 

in differences in measurement mode, sample type, sample processing method, fix-

ation and embedding type. Although this highlights the benefit of FTIR spectros-

copy by demonstrating its ability and flexibility in working with different protocols, 

it does not aid in the acquisition of comparable spectra among different research 

units.  

With this thesis, we aim to find the most appropriate markers for the diagnosis 

of skin cancer based on previous research conducted in the field. Furthermore, we 

attempt to discriminate between different malignant melanoma cell lines and inves-

tigate the possibility of characterizing the metastatic potential of melanoma cells. 

In addition, we intend to provide information to help standardize the protocol for 

measurement geometry and sample processing on FTIR spectroscopy for skin can-

cer research so that the results are reproducible across different research units. 
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2 Review of the literature 

2.1 Skin 

The skin is the outermost layer of the human body and serves as the first line of 

defence against the external environment. Together with its appendages, the skin is 

also the largest organ, covering a 1.5–2 m2 surface area. It allows the body to inter-

act with its surroundings to protect against pathogens and excessive water loss; it 

regulates temperature and provides sensation while also shaping the body (Walters 

& Roberts, 2002). 

 

Fig. 1. Structure of normal human skin (by Shakya). 

The skin is composed of three layers: epidermis, dermis and hypodermis (also 

known as subcutaneous tissue) (Fig. 1). The epidermis is the outermost layer of 

skin, which consists of various cell types. Keratinocytes are the most common cells 

in the epidermis, accounting for almost 90–95% of all cells, producing keratin. The 

remaining 5–10% of the cells are mostly melanocytes, Langerhans cells and Merkel 

cells (Kanitakis, 2002). The epidermis is further divided into five layers based on 

the morphology and position of the keratinocytes: the cornified or horny cell layer 
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(stratum corneum), stratum lucidum (only found in palms and soles), the granular 

cell layer (stratum granulosum), the squamous cell layer (stratum spinosum) and 

the basal cell layer (stratum basale). Keratinocytes originate from the basal layer, 

and they mature slowly towards the surface of the epidermis. Keratinocytes are 

responsible for the barrier function between the organism and the environment 

(Chu, 2008). Melanocytes are derived from the neural crest and are responsible for 

the production of melanin, which determines the colour of the skin and hair. They 

are also found primarily in the basal layer alongside keratinocytes. Melanocytes 

help to protect the skin against the damaging effects of UVR by producing melanin 

in response to harmful radiation, which can cause various adverse effects, including 

skin cancer (Chu, 2008). Antigen-presenting Langerhans cells are dendritic in na-

ture and are found primarily in the squamous and granular layers but also in the 

basal layer in fewer numbers. Merkel cells can also be found in the basal layer, 

close to nerve endings. The dermis is the middle and thickest layer of skin and 

consists of collagen fibres (mostly type I), elastic fibres and dense connective tis-

sues that provide flexibility, elasticity and tensile strength to the skin. The most 

abundant cells in the dermis are fibroblasts, which are responsible for the produc-

tion of connective tissue components such as collagen, fibronectin, laminin and 

vitronectin. It also contains sweat glands, sebaceous glands, hair follicles, blood 

vessels and nerve endings. Dermis protects the body from mechanical injury and 

aids in thermal regulation (Chu, 2008). The hypodermis is the deepest layer of the 

skin, composed of loose connective tissues and adipocytes (fat cells). In addition 

to adipocytes, fibroblasts and macrophages are also present in the hypodermis (Chu, 

2008). 

2.2 Skin cancer 

Skin cancer is one of the most common cancers in humans. Its incidence was the 

third highest among all cancers in the world in 2020 (Sung et al., 2021). Further-

more, its incidence rate is increasing every year in Finland and globally. According 

to the Finnish Cancer Registry, 17,925 new cases of skin cancer were registered 

between 2015 and 2019, with an incidence rate of 65.13 per 100,000 persons. Glob-

ally, 1,522,708 new cases of skin cancer were registered in 2020 (Sung et al., 2021). 

Skin cancers affect people of all races and colours, but lighter-skinned people who 

sunburn easily are at higher risk. Uncontrolled growth of abnormal skin cells leads 

to skin cancer. It mostly arises from the cells found in the epidermal layer of skin, 

mainly keratinocytes and melanocytes. UVR plays a major role in the development 
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of skin cancer by causing cellular damage and altering immune function. It causes 

DNA damage, gene mutations, immunosuppression, oxidative stress and inflam-

matory responses that lead to the photoaging of skin and skin cancer. Furthermore, 

it alters tumour suppressor genes (such as p53) participating in DNA repair and the 

removal of cells with substantial DNA damage, resulting in apoptosis dysregulation, 

the growth of mutated keratinocytes and the initiation of skin cancer (Narayanan et 

al., 2010). Skin cancer mostly occurs in the sun-exposed area such as the face, neck, 

ears, scalp and lips, but it can also occur in parts where sun exposure is rare, such 

as the palms and bottom of the feet.   

2.3 Types of skin cancer 

Skin cancer can be classified into two major groups: melanomas and non-melano-

mas. The most frequently occurring skin cancers are non-melanomas, among which 

basal cell carcinoma (BCC) and squamous cell carcinoma (SCC) are the most com-

mon. BCC accounts for nearly 80% of all non-melanoma cases. Despite its high 

prevalence, BCC has a low mortality rate because it rarely metastasizes but can 

cause extensive destruction of tissues if left untreated (Ting et al., 2005). BCC orig-

inates from the basal keratinocytes and mostly appears in the head and neck fol-

lowed by the trunk, arms and legs. UVR plays a major role in the development of 

BCC, with UVB (290–320nm, sunburn rays) radiation being more destructive than 

UVA (320–400nm, tanning rays) radiation. UVB radiation has wavelengths that 

match the absorption spectrum of DNA, resulting in DNA damage. Inactivation of 

the p53 gene also plays a role in the development of BCC because cells lose the 

function of driving the damaged cells into apoptosis (Roewert‐Huber et al., 2007). 

SCC makes up nearly 20% of the remaining non-melanoma cancers. It originates 

from the malignant proliferation of epidermal keratinocytes. SCC can develop from 

actinic keratoses, but not all actinic keratoses progress to SCC. Although less com-

mon than BCC, SCC is more aggressive and is capable of destructive growth with 

its metastatic profile. UVB radiation, as in BCC, plays a significant role in the de-

velopment of SCC. It is most common in sun-exposed skin, with 55% of the cases 

occurring in the head and neck. Other common sites include the legs, shoulders, 

back, upper extremities, lips, anus and genitals (Kallini et al., 2015).  
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2.4 Melanoma 

Melanoma is the third most common type of skin cancer in humans, after BCC and 

SCC. Despite being the least common, it has proven to be the most lethal form, 

accounting for 80% of all skin cancer deaths. 

Epidemiology 

Melanoma incidence is increasing globally every year. The number of new mela-

noma cases registered in 2020 increased by 12.83% when compared to new cases 

registered in 2018 (Sung et al., 2021). Its prevalence varies by region and country. 

According to the Finnish Cancer Registry, 1,808 new cases of melanoma were di-

agnosed in 2019, with an incidence rate of 32.74 per 100,000 persons. This repre-

sents a 2.68% increase over 2018 when there were 1,658 new cases with an inci-

dence rate of 30.06 per 100,000 persons. The US had the most cases diagnosed in 

2020 (71,434), followed by Germany (31432) and the United Kingdom (17,852). 

However, in terms of incidence rate per 100,000 persons (age-standardized (ASR) 

world population), Australia ranks first with 36.6, followed by New Zealand and 

Denmark with 31.6 and 29.7%, respectively. Europe had the highest number of new 

cases among all continents, with 144,209, accounting for 50.1% of all melanoma 

cases, followed by North America with 79,620 cases (27.7%) and Asia with 21,783 

cases (7.6%) (Sung et al., 2021). Despite the increasing prevalence, the mortality 

rate has been declining. The total number of deaths reported in 2020 was 57,043, 

which is lower than the number of deaths registered in 2018 (60,712). New Zealand 

had the highest mortality rate (4.7 per 100,000 persons), followed by Norway (3.2 

per 100,000 persons) and Montenegro (3.0 per 100,000 persons).  

Aetiology 

UVR from sun exposure and recurrent sunburns is the most important factor in the 

development of melanoma. Furthermore, it has been postulated that childhood ex-

posure to UVR is the primary contributing factor. Melanomas in the head and neck 

are caused by chronic exposure, whereas truncal melanomas in males and limb 

melanomas in females are induced by intermittent UV exposure. The use of indoor 

tanning beds has also been linked to the increased incidence of melanoma. Other 
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factors that contribute to the progression of melanoma include the presence of atyp-

ical nevi, a previous or family history of cancer, and inherited genetic mutations 

(Rigel, 2010). 

Pathogenesis 

Melanoma develops from the oncogenic transformation of melanocytes. UVR, in 

conjunction with genetic alterations, causes the oncogenic activation of melano-

cytes as well as the inactivation of tumour suppressor genes and the impairment of 

DNA repair mechanisms, ultimately leading to metastasis (Thompson et al., 2005).  

Melanocyte homeostasis is normally regulated by keratinocytes. When this 

mechanism is disrupted, melanocytes proliferate and spread, resulting in the for-

mation of naevus. Naevi are generally benign neoplasia and are considered to be 

the precursor lesions to melanoma. These precursor lesions are shown to contain 

‘driver’ mutations that lead to the constitutive activation of the mitogen-activated 

protein kinase cascade (MAPK) pathway that regulates cellular proliferation, 

growth and migration. Its activation is initiated by mutations in the BRAF, NRAS, 

c-KIT, c-MET, NF1, NF2, MEK1 or MEK2 genes, resulting in melanoma progres-

sion (Vuković et al., 2019). However, not all pigmented lesions progress to mela-

noma and only a fraction of melanomas develop from existing naevi (Haass et al., 

2004).  

Melanocytes acquire the ability to spread horizontally throughout the epider-

mis (radial growth) over time, which aids in the formation of melanoma in situ. The 

radial growth phase (RGP) is considered in situ because the spread of melanocytes 

is limited to the epidermis. Therefore, this type of growth pattern is considered non-

tumorigenic, and melanoma should be detected during this phase for the best prog-

nosis. Melanoma appears as an irregular plaque in the radial growth phase, with the 

possibility of cells invading the dermis. No nodule is formed on the skin during this 

growth phase. The RGP is considered to be the early growth pattern of cells that 

leads to the development of primary melanoma. When melanoma invades the basal 

layer and grows vertically (vertical growth) in the dermis, it transforms into an in-

vasive melanoma. In the vertical growth phase (VGP), the lesion develops verti-

cally invading deeper into the dermis and underlying subcutaneous tissues (Fig. 2). 

The lesion appears as a nodule on the skin during this stage. VGP has a higher 

proliferation rate than RGP, which allows cells to spread to surrounding tissues 

through metastatic events. This causes cancerous cells to grow in different parts of 
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the body, resulting in metastatic melanoma. Melanoma becomes more lethal as the 

VGP progresses and should be treated immediately upon diagnosis.  

 

Fig. 2. A sketch showing the radial and vertical growth phases of melanoma, with ar-

rows indicating the growth direction (by Shakya). 

During this invasive phase, melanoma often has cyclin-dependent kinase inhibitor 

2A (CDKN2A) inactivating gene mutations causing p16 and p14 tumour suppres-

sor proteins to malfunction (Shain et al., 2015). During the process, melanoma cells 

acquire characteristics such as growth factor self-sufficiency, resistance to growth 

inhibitors, evasion of cellular apoptosis, unlimited replicative potential, sustained 

angiogenesis, tissue invasion and metastasis. Susceptibility to familial melanoma 

is increased with the dysfunction of these cell cycle regulators. (Vuković et al., 

2019). The phosphatidylinositol 3-kinase pathway (PI3K/PTEN/AKT) is activated 

as melanoma progresses to the advanced primary stage. The PI3K-AKT pathway 

regulates cellular survival, growth and apoptosis and plays a major role in mela-

noma progression. It is activated by mutations in genes such as PIK3, AKT or by a 

loss of the gene encoding inhibitor PTEN (Vuković et al., 2019). During the ad-

vanced primary stage, the p53 gene is also often mutated. p53 is a main tumour 

suppressor gene, and its mutation disables its tumour suppressor activity, resulting 

in cell cycle dysregulation, deactivation of DNA repair mechanisms and pro-

grammed cell death inactivation (Elder, 2016).  

Melanoma pathogenesis is also influenced by microphthalmia-associated tran-

scription factor (MITF) signalling. MITF is essential for the differentiation of mel-

anocytes thus playing a crucial role in melanin production. Amplification of MITF 
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contributes to melanoma pathogenesis by increasing the expression of genes in-

volved in cell cycle progression, cellular proliferation and cellular survival. MITF 

expression is activated by the melanocortin 1-receptor (MC1R) (Vuković et al., 

2019). Amplification of MITF is seen in approximately 10% of primary and 20% 

of metastatic melanomas (Eggermont et al., 2014). 

2.5 Types of melanomas 

Melanoma is divided into five types, based on clinical and histological features 

observed from their growth pattern. They are superficial spreading melanoma 

(SSM), nodular melanoma (NM), lentigo maligna melanoma (LMM), acral lentig-

inous melanoma (ALM) and desmoplastic melanoma (DM). 

SSM is the most common type of melanoma and can appear anywhere in the 

body. It accounts for nearly 70% of all melanoma cases in the light-skinned popu-

lation but is significantly less common in dark-skinned people. SSM begins with 

the RGP and manifests as a pigmented macule with an irregular outline during this 

phase. When it progresses to the VGP, a papule or plaque develops, which may 

rarely ulcerate and bleed. SSMs have clearly defined borders from the surrounding 

skin, but the pigmentation can vary in colour and have several shades of brown. It 

mostly occurs on the trunk of men and the lower extremities in women (Elder et al., 

2018). 

NM is the second most common type of melanoma, accounting for 15–30% of 

all melanoma cases (Cummins et al., 2006). NMs are more malignant and can rap-

idly invade the dermis without exhibiting an RGP. NM is difficult to diagnose due 

to the lack of RGP diagnostic features, resulting in late diagnosis. It appears as a 

raised papule or nodule with varying pigmentation, ranging from extremely dark, 

heavily melanized variants to hypomelanotic and amelanotic variants. NM can oc-

casionally be ulcerated and has an irregular border. It can appear anywhere in the 

trunk, head and neck and lower extremities of the body (Elder et al., 2018). 

LMM and ALM account for less than 5% of all cases of melanoma (Cummins 

et al., 2006). LMM originates from lentigo maligna and appears as an asymmetrical 

patch or plaque with an irregular border, colour variegation, diameter enlargement 

and evolution. It exhibits the RGP for many years before transitioning to the VGP. 

During the VGP, there is a thickening and the development of discrete tumour nod-

ules within the lesion. ALM appears on acral sites as a large, asymmetrical, black, 

pigmented, irregular patch. Similarly to LMM, it has a long RGP before developing 

elevated nodules that are often ulcerated, corresponding to the VGP. Some ALM, 



30 

on other hand, can appear as a large nodule with no surrounding pigmented patch, 

similar to NM. DM is characterized by spindle-shaped cells with an increased der-

mal connective tissue component. It appears as an indurated plaque or poorly de-

marcated area of scar-like skin thickening, but it can also manifest as a small papule 

or nodule. Because most DMs lack pigments, they are difficult to diagnose and are 

frequently misdiagnosed as other lesions (Elder et al., 2018). 

2.6 Diagnosis of melanoma 

The major reason behind the high mortality rate of melanoma cancer is its late di-

agnosis and ineffective treatment options. Melanoma can be treated if diagnosed 

early, which can help reduce the impact of skin cancer. New or suspicious lesions 

should therefore be clinically assessed and histologically analysed to better under-

stand the disease stage and ensure successful treatment. The diagnosis of melanoma 

usually begins with a visual examination of suspicious lesions by dermatologists. 

The lesions are visualized with either a naked eye or a dermatoscope. The dermato-

scope helps in the visualization of morphological structures of superficial skin, al-

lowing for a more in-depth inspection and thus improving the rate of diagnosis 

(Argenziano & Soyer, 2001). Dermatologists inspect lesions for specific signs to 

determine whether further evaluation is required. 

The ABCDE mnemonic is one of the criteria used for characterizing suspicious 

skin lesions. In this method, physicians evaluate lesion asymmetry (A), border ir-

regularity (B), colour variability (C), lesion diameter (D) (usually greater than 6mm) 

and lesion evolution (E) over time, taking into account any change in size, shape, 

colour, elevation or any new symptom such as bleeding, itching or crusting (Rigel 

et al., 2005). The ABCDE mnemonic is mostly specific to SSM, and it is less ef-

fective in early diagnosis for other subtypes. For instance, NM and amelanotic mel-

anoma, such as DM, may not exhibit any of the ABCDE criteria (Chamberlain et 

al., 2003; Jaimes et al., 2012). 

A simplified version of the ABCDE guideline, known as the AC rule (asym-

metry, colour variation) has also been proposed for melanoma detection. This mod-

ification improved the accuracy of even laypeople with no health care experience, 

achieving a sensitivity of 91.2% compared to 87.6% for experts. Nonetheless, lay-

people had a significantly lower specificity of 64.2% compared to 88.1% for ex-

perts (Luttrell et al., 2011). 

The Glasgow 7-point Checklist is another method for early melanoma diagno-

sis. This method consists of seven evaluation criteria, three of which are considered 
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major criteria and include changes in size, shape and colour. Four are considered 

minor criteria and include sensory change, a diameter of 7 mm or greater, the pres-

ence of inflammation, and crusting or bleeding. Major criteria receive a score of 

two, while minor criteria receive a score of one. A minimum score of three is re-

quired for a lesion to be diagnosed as melanoma (MacKie, 1990). 

Research has also been conducted to compare the ABCDE mnemonic and the 

7-point checklist to determine which approach is more effective for early visual 

diagnosis of melanoma (Healsmith et al., 1994; McGovern & Litaker, 1992). Other 

approaches, such as ‘ugly duckling’ and ‘Do UC the Melanoma?’ have also been 

proposed to improve and enhance the ability of early detection (Grob & Bonerandi, 

1998; Yagerman et al., 2014). However, their performance on their own or in com-

parison to methods such as the ABCDE criteria or the Glasgow 7-point Checklist 

has yet to be determined. 

Following an initial visual examination of the lesions, a final diagnosis is con-

firmed using a histopathological inspection by pathologists after taking a biopsy to 

learn more about the type and stage of the melanoma. A histopathological inspec-

tion by an experienced pathologist based on the visual appearance of the haema-

toxylin and eosin-stained section is the gold standard methodology for diagnosing 

skin cancer (Fig. 3). The histological features of the section are reported during the 

procedure, including information about tumour thickness, grade of differentiation, 

ulceration, mitotic rate, vascular invasion, lymph node involvement and distant me-

tastasis status, which is then used to grade the stage or aggressiveness of the skin 

cancer (Elder et al., 2018). Melanoma pathology is regarded as one of the most 

difficult areas of diagnostic histopathology because of the wide variety of histolog-

ical features and patterns of spreading. As a result, histochemical methods, im-

munostaining techniques with Melan A (Fig. 4), HMB-45, S100 and SOX-10 and 

genetic testing are used for supporting diagnosis, differential diagnosis and deter-

mining the mutational burden to aid the difficult intermediate category of melano-

cytic lesions (Alhumaidi, 2012; Timar et al., 2016). 
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Fig. 3. A magnified section of nodular melanoma stained with haematoxylin and eosin 

revealing atypical cells with multiple mitotic figures, coarse chromatin and some prom-

inent nucleoli (by Shakya). 

Despite advances in melanoma diagnosis, timely recognition, detection and treat-

ment have remained a challenge that is crucial to reducing morbidity and mortality. 

The diagnostic and prognostic information obtained from the visual and histopatho-

logical analysis is critical, but these procedures are subjective and rely on the 

pathologist's trained eye and experience to reach the most accurate diagnostic con-

clusion. Furthermore, the concordance of histopathological diagnosis in melano-

cytic lesions is only moderate and the reproducibility of the diagnostic result varies 

among different pathologists (Elmore et al., 2017). Many benign nevi appear as 

new or changing lesions (≤17% of changing lesions will be melanoma) (Goulart et 

al., 2011). Also, there are many melanomas that occur with a diameter of less than 

6 mm, and they can escape the ABCDE clinical guideline for early recognition of 

melanoma (Helsing & Loeb, 2004). Visual and histopathological procedures are 

therefore not always sufficient, emphasizing the need for an alternative methodol-

ogy that can assist pathologists in the proper diagnosis and characterization of skin 

cancers. With precise diagnosis and prognosis being a major concern, new multi-

disciplinary approaches and modalities to supplement histopathological methods 

that can provide additional information about the cells or tissues being evaluated 

should be developed. 
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Fig. 4. Superficial spreading melanoma lesion stained with (a) haematoxylin and eosin 

and (b) Melan A demonstrating atypical melanocytic cells with pagetoid invasion within 

the epidermis and nested proliferation in the dermal-epidermal junction, as well as in-

vasive nested growth in the dermis (by Shakya). 

2.7 Melanoma staging 

Melanoma staging is determined by the characteristics of the primary tumour and 

the extent to which it has spread throughout the body. Melanoma is classified into 

five stages based on the progression of the disease. Melanoma in stage 0 is known 

(a)

(b)
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as in situ melanoma and is limited to the epidermis. Stage I and II are localized 

melanomas with varying tumour thickness and can be with or without ulceration, 

whereas stage III melanoma is defined by the level of regional metastases (lymph 

node metastases) and ulceration, and stage IV is defined by distant metastases. 

The TNM system is the most used method for determining cancer stages, with 

classification based on the extent of the primary tumour (T), the spread to nearby 

lymph nodes (N) and the presence of distant metastasis (M). The extent of the pri-

mary tumour (T) is characterized based on Breslow tumour thickness. In addition, 

the presence or absence of ulceration is also examined in this criterion. The number 

of affected lymph nodes by primary melanoma characterizes the N category. De-

pending on the stage of the N category, it may also include the presence of in-transit, 

satellite or microsatellite metastases. The M category is characterized based on the 

spread of the cancer from the primary tumour to various parts of the body. This 

criterion has two stages: the first in which the cancer has not spread to another part 

of the body and the second in which the cancer has spread to different parts of the 

body. For the latter stage, the presence or absence of elevated lactate dehydrogenase 

(LDH) is also monitored (Gershenwald & Scolyer, 2018). Table 1 shows the TNM 

classification subcriteria in detail along with the corresponding melanoma stages.  

Table 1. Melanoma staging criteria based on TNM classification. (Adapted from Keung 

& Gershenwald, 2018)  

Melanoma 

stage 

 TNM classification  Criteria 

 T  Thickness Ulceration 

0  Tis  in situ Not applicable 

IA  T1a  <0.8mm Without ulceration 

IB  T1b  <0.8mm 

(Or 0.8–1mm) 

With ulceration 

(With or without ulceration) 

IB  T2a  1–2 mm Without ulceration 

IIA  T2b  1–2 mm With ulceration 

IIA  T3a  2–4 mm Without ulceration 

IIB  T3b  2–4 mm With ulceration 

IIB  T4a  >4mm Without ulceration 

IIC  T4b  >4mm With ulceration 

  N  Invaded lymph node Presence of in-transit, satellite, 

and/or microsatellite metastases 

  N0  No lymph node invaded No 

IIIA  N1a  One lymph node clinically oc-

cult 

No 
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Melanoma 

stage 

 TNM classification  Criteria 

 N  Invaded lymph nodes Presence of in-transit, satellite, 

and/or microsatellite metastases 

IIIB  N1b  One lymph node clinically de-

tected 

No 

IIIB  N1c  No lymph invaded Yes 

IIIA/B  N2a  2–3 clinically occult lymph 

node 

No 

IIIB/C  N2b  2–3 with one clinically detected 

lymph node 

No 

IIIC  N2c  One clinically occult or clini-

cally detected 

Yes 

IIIC  N3a  >4 clinically occult lymph 

nodes 

No 

IIIC  N3b  >4 with one clinically detected 

or presence of matted nodes 

(any number) 

No 

IIIC  N3c  2 or more clinically occult or 

clinically detected and/or pres-

ence of matted nodes (any 

number) 

Yes 

  M  Site LDH level 

IIID  M0  No distant metastases Not applicable 

IV  M1a (0)  Distant metastasis to the skin, 

soft tissue and/or nonregional 

lymph node 

Not elevated 

IV  M1a (1)  Distant metastasis to the skin, 

soft tissue and/or nonregional 

lymph node 

Elevated 

IV  M1b (0)  Lung metastases Not elevated 

IV  M1b (1)  Lung metastases Elevated 

IV  M1c (0)  Visceral metastases Not elevated 

IV  M1c (1)  Visceral metastases Elevated 

IV  M1d (0)  CNS metastases Not elevated 

IV  M1d (1)  CNS metastases Elevated 

2.8 Melanoma treatment 

Melanoma treatment is determined by the stage at which it is detected. Melanoma 

is only curable if detected early and treated with surgical excision of the primary 
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tumour area with different safety margins, depending on the thickness of the tumour 

(Breslow thickness) (Garbe et al., 2022). Cases of local and distant metastases can 

also be surgically excised, but this is not a curative measure and will necessitate 

additional adjuvant treatment options. Adjuvant treatment, to finalize surgical treat-

ment, is provided to improve overall survival by preventing the reoccurrence of 

disease and its spread to other parts of the body. Chemotherapy was the first treat-

ment option available for metastatic melanoma. During the procedure, a chemical 

agent or drug that targets rapidly growing and dividing cells is used to kill them to 

prevent further cell division, thereby slowing disease progression. The only chem-

otherapy-approved drug for the treatment of melanoma is dacarbazine. The patients 

treated with it have a median survival of 5–11 months and a one-year survival rate 

of only 27% (Garbe et al., 2022). With recent advancements in drugs and disease 

prognosis, chemotherapy is being used sparingly (or not at all) and has been re-

placed by targeted therapy and immunotherapies. 

In targeted therapy, drugs are used to identify and attack specific types of can-

cer cells, preventing them from growing or signalling them to destroy themselves. 

This procedure is less harmful to normal or healthy cells than chemotherapy. BRAF 

inhibitors (vemurafenib and dabrafenib) are two of the most promising drugs ap-

proved for the treatment of metastatic melanoma. Although these drugs work well 

and have a high response rate in patients with BRAF mutated melanomas, cancer 

cells have a high probability of developing resistance to them in a short period of 

time. A new combination of BARF and MEK inhibition (vemurafenib/cobimetinib, 

dabrafenib/trametinib and encorafenib/binimetinib) has been developed to achieve 

a long-term effect and has been associated with longer progression-free and overall 

survival when compared with BRAF inhibitor monotherapy (Garbe et al., 2022). 

Immunotherapies involve three main types of immune treatments: adoptive cell 

therapies, cancer vaccines and immunomodulatory strategies. Interleukein-2 (IL-2) 

is a pro-proliferative cytokine used for the immune therapy that promotes the ex-

pansion of melanoma-specific T-cells. However, it has a low response rate and has 

been shown to be highly toxic. Several melanoma vaccines have also been devel-

oped to make the immune system responsive to cancer antigens in the late stages 

of cancer, but none of them have been found to be effective and are therefore not 

approved for clinical use. Three drugs have been approved for immunomodulatory 

strategies: ipilimumab (an anti-cytotoxic T-lymphocyte-associated protein 4 anti-

body (anti-CTLA-4)), and nivolumab and pembrolizumab (anti-programmed cell 

death-1 antibodies (anti-PD-1)). These agents help boost the immune response to 

cancerous cells. The overall survival rate has improved as a result of the use of 
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these new agents, but the corresponding side effects have been reported as well, 

leading to the discontinuation of treatment. Secondary resistance has also been re-

ported in patients who respond to these agents. A combination of anti-PD-1 and 

anti-CTLA-4 has also been used and shown to be superior in terms of progression-

free survival when compared to using a single drug (Garbe et al., 2022).  

Although understanding the mechanisms that lead to melanomagenesis has 

greatly improved melanoma treatment in recent years, most patients are still unable 

to receive treatment due to high costs and the lack of capability in many places. 

Thus, early detection of melanoma is critical for improving prognosis and achiev-

ing a significant treatment outcome. Because effective and acceptable therapies 

with minimal side effects are still lacking, the emphasis should be shifted towards 

early diagnosis of melanoma. 

2.9 Infrared spectroscopy 

Infrared spectroscopy (IR) is a widely used technique with numerous applications 

in industry and different research fields. Its use in research for screening and diag-

nosis of various types of cancer has recently increased. Commonly, IR spectroscopy 

refers to the mid-IR range of 2.5–25 µm (4000–400cm-1). This range is also often 

used for the characterization of biological samples. However, the whole IR region 

of the electromagnetic spectrum ranges from 0.7 µm to 1000 µm and is divided into 

three regions, one of which is the mid-IR range. The remaining two regions are the 

near-IR region, ranging from 0.7 µm to 2.5 µm (13000–4000 cm-1) and the far-IR 

region, ranging from 25 µm to 1000 µm (400–10 cm-1). Typically, the unit used in 

IR spectroscopy is the wavenumber (v), which is expressed as the number of waves 

per centimetre (cm-1), but wavelength (λ) is the more commonly used unit to rep-

resent the entire electromagnetic spectrum (Bellisola & Sorio, 2012). 

IR spectroscopy is based on the interaction of IR radiation with the sample 

being measured. When different molecules in the sample absorb IR radiation, they 

move from a ground vibrational state to an excited vibrational state. The dipole 

moment of these molecules must change during vibration for a molecule to be IR-

active. The change in dipole moment is observed when the bond between the mol-

ecule expands or contracts. The bond of a molecule can experience different types 

of vibrations or rotations, which may cause an atom to fluctuate continuously. 

These vibrations include stretching and bending modes. Stretching vibration refers 

to the changes in the interatomic distance of a bond between two atoms along the 
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axis and can be either symmetric or antisymmetric, whereas bending vibrations re-

fer to changes in the angles that occur between two bonds. Bending vibrations in-

clude wagging, twisting, rocking and scissoring. The attenuation of the IR radiation 

after the interaction with the sample is given by the Beer-Lambert law, which is 

written as 

 𝐴 𝑙𝑜𝑔 𝜖𝑙𝑐 (1) 

where A is the absorbance of the sample, I is the intensity of transmitted light 

through the sample, I0 is the intensity of incident light, l is the optical path length 

(or sample thickness), ϵ is the molar absorptivity and c is the concentration of the 

absorbing molecule (Bellisola & Sorio, 2012). 

2.10 Fourier Transform Infrared spectroscopy 

Most IR spectrometers available in the current market are Fourier Transform Infra-

red (FTIR) spectrometers, which use a Michelson interferometer and the mathe-

matical operation called Fourier transform to collect data for all mid-IR region 

wavelengths at the same time. The addition of microscopy to this system has led to 

improved spatial resolution for detecting the vibrational motions of molecules pre-

sent in samples, resulting in the development of a new system known as FTIR mi-

crospectroscopy. 

An FTIR spectrometer typically consists of an IR light source, laser (HeNe), 

interferometer and detector that is linked to a computer. A globar light source made 

of silicon carbide rods is used as an IR source and is heated to emit radiation that 

travels to the interferometer, which consists of a beam splitter and two perpendic-

ular mirrors, one stationary and the other moving. The beam splitters are made up 

of potassium bromide (KBr) with germanium (Ge) coating, which allows the in-

coming beam from the source to divide into two equal parts and then recombine 

again into one after being reflected by a stationary and moving mirror to fall on the 

detector after being transmitted through the sample material (Fig. 5). The recombi-

nation process of the beam can be constructive or destructive, depending on the 

optical path difference created by a moving mirror. First, the transmitted beam is 

collected as an interferogram signal by the detector that contains all information on 

the sample from all frequencies and is then converted into the infrared spectrum 

using Fast Fourier transform (FFT) (Bellisola & Sorio, 2012). The acquired spec-
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trum consists of various peaks at different wavenumbers, depending on the vibra-

tional modes (stretching or bending) of each functional group present within the 

sample (Fig. 6). Atom mass and bond strength are responsible for the peak’s posi-

tion while height depends on the intensity of absorbance. The intensities and exact 

wavenumber positions of absorption peaks seen in FTIR spectra give information 

regarding the biochemical composition of the studied sample, such as proteins, li-

pids and nucleic acids, and also information regarding structure and conformation 

of these molecules and their intermolecular relationship (Stuart, 2000) . 

 

Fig. 5. Schematic diagram showing the working principle of an FTIR spectrometer (by 

Shakya). 

With an extension of this system to FTIR microspectroscopy, visible light images 

of histological sections are first recorded using a charged coupled device (CCD) 

camera, and then IR spectra from the required region of interest can be measured 

to produce chemical images. In FTIR microspectroscopy, two different configura-

tions can be used, depending on the region of interest. The first is known as map-

ping, which employs a single-channel mercury cadmium telluride (MCT) detector 

to obtain spectral data from a defined sample area illuminated by a fixed aperture. 
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The sample is then moved to the next area to reacquire the spectral data, and the 

process is repeated until the desired region is mapped (Ng & Simmons, 1999). This 

configuration is useful for measuring individual cells in a sample. The second 

method is imaging, which employs a multichannel detector (also known as a Focal 

Plane Array (FPA) detector) made up of an array of photo-sensitive pixels capable 

of imaging the entire desired region at once. Each pixel of the detector acquires 

separate spectral data corresponding to the projected area of the sample simultane-

ously (Ng & Simmons, 1999). The technique is mostly used to scan entire biopsy 

sections as it decreases the measurement time and produces a good signal-to-noise 

ratio in a reasonable collection time. There are two types of imaging detectors avail-

able for FTIR microspectroscopy: linear array detectors, which consist of a single 

line of detector elements (pixels) and focal plane array detectors, which consists of 

rows and columns of pixel elements (Naumann et al., 2009).  

 

Fig. 6. An infrared spectrum acquired after FFT with an FTIR spectrometer (by Shakya). 
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2.11 FTIR microspectroscopy measurement techniques 

The spectra in FTIR microspectroscopy can be acquired using three different sam-

pling modes, namely transmission, transflection and attenuated total reflection 

(ATR). Fig. 7 illustrates the differences between these modes. 

Fig. 7.  Schematic illustration of three FTIR microspectroscopy measurement modes 

(by Shakya). 

2.11.1 Transmission 

The transmission mode is the most commonly used mode for acquiring spectral 

data in skin cancer research. This mode was used in all of the studies included in 

this thesis work. In transmission mode, the infrared beam is passed through the 

sample and the transmitted energy is measured to generate the infrared spectrum. 

Substrates transparent to the IR light, such as calcium fluoride (CaF2), barium flu-

oride (BaF2) and zinc selenide (ZnSe), are used to mount the sample. 
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2.11.2 Transflection 

The transflection mode has grown in popularity in recent years and is increasingly 

being used in FTIR microspectroscopic analysis of biological samples since it is 

less expensive than transmission substrates. Low-emissivity slides with a high in-

frared reflective surface are used for the transflection mode. Its dimensions are sim-

ilar to those of microscopic slides, giving it an advantage over transmission mode 

substrates during sample preparation. In transflection mode, the spectrum is gener-

ated by measuring the beam as it passes through the sample and reflects back from 

the slide through the sample. As a result, the beam passes through the sample twice 

in this mode, yielding double absorbance. 

2.11.3 Attenuated total reflection 

A high refractive index crystal (e.g., Ge, diamond) is used in ATR mode; it is placed 

in direct contact with the sample. The infrared beam is directed from the crystal to 

the sample and reflected back several times due to total internal reflection, resulting 

in an evanescent wave that extends beyond the ATR crystal. Because the crystal is 

in direct contact with the sample, there is a loss of energy in the produced evanes-

cent wave with distance at the wavelength where absorbance at the sample occurs. 

The infrared spectrum is generated by measuring the resultant beam after absorb-

ance. 

2.12 Spectral pre-processing 

FTIR spectral data is typically pre-processed after acquisition to remove spectral 

distortion caused by physical phenomena such as improper background, scattering 

and instrumental drift. Instrumental drift primarily affects the baseline of the spec-

tra, causing variations in them, and can be removed with a simple offset correction 

that involves subtracting the minimum value of the spectrum from all wavenumbers 

present in the spectrum. For linear and quadratic baseline variations, a line or pol-

ynomial is fitted and then subtracted from the spectrum. 

Scattering can distort the acquired spectra to the point where it looks signifi-

cantly different from the standard absorbance spectrum. The Extended Multiplica-

tive Signal Correction (EMSC) algorithm has been used to correct the scattering 

effect (Afseth & Kohler, 2012; Kohler et al., 2009). The algorithm produces good 

results, but when Mie scattering is strong and dispersion artefacts are prevalent in 
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the amide I band, the algorithm struggles to correct the spectrum (Kohler et al., 

2008). Dispersion artefacts occur in both transmission and transflection modes and 

are due to resonant Mie scattering (RMieS). To address this issue, a modified ver-

sion of EMSC (RMieS-EMSC) has been developed and was also used in two orig-

inal studies included in the thesis (Bassan et al., 2010). This technique can remove 

both baseline variations and dispersion artefacts present in the acquired spectrum. 

The RMieS-EMSC algorithm corrects and reconstructs the raw spectrum using a 

scatter-free reference spectrum (usually a Matrigel spectrum in the case of biolog-

ical cells or tissues). This is accomplished by assuming the raw spectrum is the 

superposition of the reference spectrum and a number of scatter curves. This can 

be expressed algebraically as follows: 

 �⃗� 𝑐 𝑚𝑣~⃗ ℎ�⃗� ∑ 𝑔 �⃗� 𝐸  (2) 

where ZRaw and ZRef are the raw and reference spectrum respectively, c is the con-

stant offset baseline, m is the gradient of sloping baseline, h is the magnitude of 

reference spectrum, N is the number of principal components used, g is the weight 

applied to loadings p of the Mie scattering matrix, and E is the unmodelled residual 

variance. Multiple linear regression with the least square method is used to estimate 

all model parameters. The estimated correct spectrum is calculated as follows: 

 �⃗�
⃗ ~⃗ ∑ ⃗

 (3) 

After the RMieS correction, the second derivative is often implemented to remove 

any remaining baseline errors. In addition, the second derivative can also resolve 

overlapping bands since the minima in the second derivative correspond to the sub-

band locations in the raw spectrum. In both of the original studies included in the 

thesis, the second derivative was calculated using the Savitzky-Golay algorithm. 

The algorithm calculates the derivative by fitting a polynomial in a symmetric win-

dow of certain data points (usually greater than the degree of polynomial) on the 

RMieS corrected spectral data using the least square method. The derivative value 

at each location is then determined by differentiating the fitted polynomial at each 

position (Rinnan et al., 2009). Another important pre-processing step is normaliza-

tion, which is used to ensure that the number of spectra collected from the same 

sample have as similar a band intensity as possible when measured under the same 

experimental parameters. Vector normalization was used in both of the studies in-

cluded in the thesis, where normalized spectrum is obtained by dividing each spec-

trum with its Euclidean norm. 
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2.13 Data analysis 

Following the completion of pre-processing, data analysis is performed to extract 

information from the acquired spectra. They are also used to compare and interpret 

different samples, as well as to classify samples into different groups. Many anal-

ysis techniques have been used in skin cancer research. Some of the ones used in 

this thesis are described below. 

2.13.1 Univariate analysis 

Univariate analysis is the most basic method and serves as the foundation for spec-

tral data analysis. It is primarily used to describe data and identify patterns that can 

distinguish between different types of samples. It analyses only one variable in the 

data at a time (Fig. 8). The variable in the spectral data can be the height, width and 

integrated area of the prominent spectral bands. In addition, the ratio of heights or 

areas of prominent spectral bands can be used in the analysis. Univariate analysis 

is simple to use, but in the case of biological samples, it discards vast amounts of 

spectral information because the spectral bands are considered to be made of a sin-

gle component. However, the prominent bands are formed by a significant overlap 

of various constituents. This method can be used as a starting point for the analysis, 

but a multivariate analysis should be considered to extract more information and 

provide additional interpretations. 
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Fig. 8.  An example of univariate analysis in which the integrated area of one prominent 

band is investigated (by Shakya). 

2.13.2 Principal Component Analysis (PCA) 

PCA is an unsupervised multivariate method which can be used to find hidden 

structures or patterns in unlabelled data. PCA transforms the high-dimensional da-

taset into a smaller set of orthogonal principal components (PCs) in the direction 

of maximum variance, retaining the most significant information in the data for 

further analysis. These PCs are ranked by the amount of variance they explain and 

are obtained by calculating the eigenvectors and eigenvalues of the covariance ma-

trix obtained from the initial dataset. The first PC is formed by the eigenvector with 

the highest eigenvalue and accounts for the greatest variance in the data, while each 

subsequent PC accounts for the remaining variability. Higher-order PCs are typi-

cally regarded as a component of noise in the dataset. So, despite the large number 

of PCs, the results of PCA are commonly evaluated based on the first two or three 

PCs plotted against each other. These plots are known as score or scatter plots, and 

they can be used to visually identify trends, groups, or patterns in a dataset. 

In this study, the PCA was performed using the singular value decomposition (SVD) 

algorithm (Wall et al., 2003). Here, we first decompose the data matrix using SVD 

 𝑋 𝑈𝛴𝑉  (4) 
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where U is an n × m matrix with orthonormal columns (i.e., UTU = I), V is m × m 

orthonormal matrix (VTV = I) and 𝚺 is an m × m diagonal matrix with positive or 

zero elements also known as the singular values. The covariance matrix can then 

be calculated as 

 𝐶 𝑋𝑋 𝑈𝛴 𝑈  (5) 

Because singular values are sorted in descending order, if n<m, the first n columns 

in U correspond to the sorted eigenvalues of C and if m ≥ n, the first m corresponds 

to the sorted non-zero eigenvalues of C. The transformed data can thus be expressed 

as follows: 

 𝑌 𝑈 𝑋 𝑈 𝑈𝛴𝑉  (6) 

where 𝑈 𝑈 is a simple n × m matrix with a diagonal of one and zero everywhere 

else. 

2.13.3 Partial Least Square – Discriminant Analysis (PLS-DA) 

PLS-DA is a supervised multivariate method that combines dimension reduction 

and a predictive model in a single algorithm to classify data into available groups. 

PLS-DA is based on PLS regression and involves creating a regression model be-

tween the dataset and a numerical label for each data in the dataset. The labels are 

usually +1 or -1 depending on whether the data belongs to one group or another. If 

the dataset contains more than two groups, the labels can be a binary digit combi-

nation. PLS-DA classification is based on the thresholding of predicted label values. 

If the predicted value is greater than zero, the corresponding data is classified as 

one group, otherwise as another group. The basic PLS-DA equations are as follows 

(Brereton & Lloyd, 2014): 

 𝑋 𝑇𝑃 𝐸 (7) 
 𝑐 𝑇𝑞 𝑓 8  

where X is the data matrix, c is a label vector for each data, T is the score matrix, P 

and q are the loading matrices representing the regression coefficients of X and c 

on T, while E and f are the residuals. The following algorithm is described for clas-

sifying data with only two groups: 

1. Calculate the weight vector  

 8𝑤 𝑋 𝑐 (9) 

2. Calculate the scores 
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 𝑡
∑

 (10) 

3. Calculate the x loadings 

 𝑝
∑

 (11) 

4. Calculate the c loadings 

 𝑞
∑

 (12) 

5. Calculate the residual of X and c 

 𝑋 𝑋 𝑡𝑝 (13) 
 𝑐 𝑐 𝑡𝑞 14  

6. For calculating further components, X and c are replaced by their residuals. 

The regression vector can then be calculated as: 

 𝛽 𝑊 𝑃𝑊 𝑞 (15) 

where W is the weight matrix obtained from each PLS component. 

2.14 FTIR microspectroscopy in melanoma research 

In melanoma research, FTIR microspectroscopy has shown potential as a diagnos-

tic tool and can be considered an emerging methodology for grading its aggressive-

ness (Ghimire et al., 2017; Hammody et al., 2005, 2008; Minnes et al., 2017; Tfayli 

et al., 2005; Wald & Goormaghtigh, 2015). Most studies in the field have focused 

on distinguishing melanoma from naevus or healthy skin samples by investigating 

the biochemical changes that occur as a result of disease development. Univariate 

analysis is primarily used in most studies to investigate these biochemical changes. 

The area under the curves of the most prominent bands in the spectra, such as the 

phosphate and amide bands, are calculated as part of this analysis. The parameters 

derived from these bands, such as amide I/amide II, RNA/DNA, thymine/amide II 

and tyrosine/amide II, have also been used. In addition, the peaks shift of the prom-

inent bands is considered an additional indicator (Ghimire et al., 2017; Hammody 

et al., 2005, 2008; Mordechai et al., 2004). Methodologies such as linear discrimi-

nant analysis, quadratic discriminant analysis and PLS-DA have also been used for 

discriminating between healthy and melanoma cells. These methods have shown to 

produce good classification results, but when cells from different batches of sam-

ples are mixed to construct the algorithms, the discrimination was poor, which 
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demonstrates the strong influence of sample preparation on the results and compa-

rability of cell FTIR spectra (Penaranda et al., 2018). So, it is important to develop 

standard protocols, incorporating and adapting to existing routine procedures of 

biomedical laboratories. 

For discriminating naevus from melanoma, cluster analysis and PCA have been 

used as well. According to a study, combining four spectral zones corresponding to 

DNA and melanin can help distinguish melanoma from nevi. The study also 

demonstrated the significance of selecting appropriate spectral zones for cluster 

analysis and how this can affect the clustering of results (Tfayli et al., 2005). Dif-

ferent types of nevi could also be distinguished using the analysis by extracting the 

representative spectrum of particular melanocytes from the samples and IR markers 

specific to the tissue type (Giorgini et al., 2015; Tosi et al., 2010). Spectral differ-

ences occurring between various melanoma subtypes compared to the epidermis 

and benign naevus can be separated using cluster analysis (Ly et al., 2010). Fur-

thermore, different cell morphologies of melanoma cells can be identified to char-

acterize intratumoral heterogeneity, and a good correlation between IR clusters and 

dermatopathological parameters like Breslow thickness, Clark level, ulceration, 

and mitotic index can be achieved, which can aid in improving and optimizing mel-

anoma diagnoses (Ly et al., 2010). 

In one study, the univariate analysis was used to characterize the aggressive-

ness of melanoma cells. The intensity of the amide II peak and the area ratio of 

A3400/A3200 (peaks of high-density water and low-density water molecules) were 

used to determine the metastatic potential of the melanoma cells (Minnes et al., 

2017). According to the study, cells with high metastatic potential have a higher 

absorption intensity of amide II due to the higher hydration level of the plasma 

membrane and more high-density water molecules in the cell membrane’s vicinity. 

Supervised models, such as PLS-DA, have also been used for the characterization 

of melanoma cells. The PLS-DA model was able to identify the various cell types 

present in the biopsies along with melanoma cells. Furthermore, the developed 

models demonstrated the ability to predict the presence of metastases based on the 

spectral signature of measured primary melanoma cells and lymphocytes (Wald, 

Bordry, et al., 2016; Wald & Goormaghtigh, 2015).   

In addition to demonstrating its potential in melanoma diagnosis, FTIR micro-

spectroscopy has been used to investigate the response of cytotoxic drugs used in 

cancer treatment on melanoma cells. This is significant because most cancer cells 

develop resistance to anti-cancer drugs, resulting in chemotherapy failure and ma-

jor complications in treatment. FTIR microspectroscopy was able to differentiate 
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between drug-resistant and drug-sensitive cells that were morphologically indistin-

guishable (Wald, Le Corre, et al., 2016; Zwielly et al., 2009, 2011). The univariate 

analysis showed significant differences between the drug-sensitive and drug-re-

sistant melanoma cells, with lipid bands being the most pivotal when compared to 

other bands. Moreover, both the unsupervised and supervised models were also 

able to differentiate between the two cell lines with good accuracy. In addition to 

the cytotoxic drugs, the morphological and chemical changes induced by boric acid, 

sesamol and kojic acid on melanoma cells have been examined using FTIR micro-

spectroscopy. According to the study, boric acid has a dose-dependent relationship 

over time with cell viability, cell size and cell composition, leading to an anti-pro-

liferative effect on cells showing signs consistent with apoptosis (Acerbo & Miller, 

2009), while sesamol and kojic acid have anti-melanogenic properties that are con-

centration-dependent, resulting in decreased melanin content in cells by inhibiting 

tyrosinase activity. Furthermore, sesamol has a stronger anti-melanogenic property 

than kojic acid (Srisayam et al., 2014). FTIR microspectroscopy combined with 

multivariate analysis can be utilized as an alternative technique for differentiating 

and monitoring changes that occur between 2D and 3D spheroid melanoma cell 

growth (Srisongkram et al., 2020). These 2D and 3D spheroid culture systems help 

in disease modelling in melanoma studies, with the 3D culture system being the 

better in vitro model by providing more clinically relevant information on primary 

cancer tissue and therapeutic outcomes. 
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3 Aims of the thesis 

This thesis reviewed all FTIR spectroscopy-based skin cancer studies to better un-

derstand the field’s current state. It also attempted to fill the void left by previous 

studies in order to provide a framework and enhance the possibilities for establish-

ing FTIR spectroscopy as a routine tool in skin cancer research and diagnosis. 

The specific aims of this doctoral thesis are: 

1. To evaluate the potential of FTIR spectroscopy in skin cancer research and find 

the most appropriate spectral biomarkers that have been identified to be asso-

ciated with the disease. 

2. To depict different methodologies that have been used to analyse FTIR spec-

troscopic data of skin cancers. 

3. To develop a model that extracts information from FTIR spectra to differentiate 

between primary and metastatic melanoma, such that variations in the primary 

cells advancing toward metastasis can be identified for better characterization 

to grade the aggressiveness of the disease. 

4. To establish a standard protocol for achieving the best classification results in 

future studies. 
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4 Materials and methods 

This thesis consists of three independent studies, one of which is a systematic re-

view and the other two are in vitro studies using human primary and metastatic 

melanoma cell line samples. Roman numerals I–III are used to denote the three 

independent studies. Table 2 summarizes the samples and methods used in the in-

dependent studies. 

Table 2. Materials and methods used in the three studies. 

Sample sets Measurement mode  Sample type Methods 

Study I    

35 original peer-reviewed  

research articles  

Transmission 

Transflection 

ATR 

Biopsies 

Cell lines 

Whole blood 

Serum 

Engineered tissue 

Univariate analysis 

Multivariate analysis 

Statistical analysis 

Study II    

Primary melanoma (IPC-

298), n = 260 

Metastatic melanoma (SK-

MEL-30), n = 300 

Metastatic melanoma 

(COLO-800), n = 260 

Transmission 

Aperture size: 

20 × 20 µm2 

Cell lines 

(FFPE, deparaffinized prior 

to measurement) 

Univariate analysis 

Multivariate analysis 

Statistical analysis 

Study III    

IPC-298 (on CaF2, deparaf-

finized), n=260 

IPC-298 (on CaF2, paraf-

finized), n=260 

SK-MEL-30 (on CaF2, de-

paraffinized), n=260 

SK-MEL-30 (on CaF2, par-

affinized), n=260 

IPC-298 (on low-e, deparaf-

finized), n=260 

IPC-298 (on low-e, paraf-

finized), n=260 

SK-MEL-30 (on low-e, de-

paraffinized), n=260 

SK-MEL-30 (on low-e, par-

affinized), n=260 

Transmission 

Transflection 

Aperture size: 

20 × 20 µm2 

(On both) 

Cell lines 

(FFPE) 

both paraffinized and de-

paraffinized were used 

Univariate analysis 

Multivariate analysis 

Statistical analysis 
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4.1 Systematic review (I) 

The materials for Study I were collected by conducting a systematic search of three 

electronic databases in accordance with Preferred Reporting Items for Systematic 

Reviews and Meta-Analyses (PRISMA) guidelines. The keywords used for search-

ing the relevant articles were: [(“infrared spectroscopy” OR “Fourier transform in-

frared spectroscopy” OR “FTIR” OR “attenuated total reflection” OR “ATR”) 

AND (“skin cancer” OR “melanoma” OR “basal cell carcinoma” OR “BCC” OR 

“squamous cell carcinoma” OR “SCC” OR “Merkel cells” OR “skin lymphoma”)]. 

The three databases, i.e., Scopus, PubMed and Web of Science, were searched from 

the commencement to the 16th of January 2019 to find articles in which FTIR spec-

troscopy was used to acquire spectral data on skin cancers. Information about the 

samples, substrates, modes, pre-processing and algorithms used, as well as the type 

of studies conducted on various skin cancers with their spectroscopic characteris-

tics, were extracted from the included studies to understand the current state of the 

field and different methodologies that have been used analyse spectroscopic data. 

4.1.1 Eligibility criteria and study selection 

Only peer-reviewed journal articles in which FTIR spectroscopy was used to ac-

quire data on skin cancer samples were included in the study. There were no re-

strictions imposed on the sample type used. All articles that used human or animal 

cells, tissues, blood or serum as a sample were included. If the article investigated 

multiple cancer types, the study was included if separate samples were used to in-

vestigate skin cancer. During the initial search, 1529 articles were generated from 

three electronic databases, of which 53 were read in full text to determine their 

suitability for inclusion using predefined criteria. Finally, 35 of the 53 full-text ar-

ticles were deemed eligible for inclusion. The search results were limited to articles 

written in English. The full details of the screening, inclusion and exclusion proce-

dure in the articles can be found in Study I (Fig. 1). 

4.2 In vitro studies (II and III) 

Three melanoma cell lines were used in this thesis. The cell lines used were IPC-

298 (ACC 251), SK-MEL-30 (ACC 151) and COLO-800 (ACC 193). These cell 

lines were purchased from Leibniz-Institut DSMZ (Braunschweig, Germany). The 

cell lines were cultured in RPMI-1640 supplemented with 10% fetal bovine serum 
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and 100 IU/ml penicillin and streptomycin (Pen-Strep solution HyClone Laborato-

ries, Inc., Utah, USA SV30010.01). The cells growing semi-confluent on a 6 cm 

cell culture dish were fixed with formalin for 30 minutes, and then the cells were 

scraped and centrifuged. The resulting cell pellet was mixed with 1.5% agar, fol-

lowed by the paraffin infiltration (Tissue-Tek VIP 5 Jr, Sakura, the Netherlands) 

and embedding procedure. The full details of the paraffin-embedding process with 

a Tissue Tek processor are described in Study II and briefly in Study III. 

IPC-298 was derived from a primary melanoma tumour of a 64-year-old fe-

male, SK-MEL-30 was derived from a subcutaneous metastasis of a 67-year-old 

male with melanoma, and COLO-800 was derived from a subcutaneous nodule of 

a 14-year-old male with melanoma. 

4.2.1 Sample preparation 

Study II included samples from all three cell lines. After embedding the infiltrated 

cells into paraffin blocks, a microtome was used to cut the 5-µm-thick sections 

from the block and were placed on 2-mm-thick calcium fluoride (CaF2) windows. 

Paraffin was chemically removed from all samples before being measured with 

FTIR microspectroscopy. This procedure was done by immersing the samples in 

three different containers filled with xylene for 3 minutes each. To wash out the 

xylene and begin the rehydration process, the samples were immersed for 3 minutes 

in three different containers filled with absolute alcohol, followed by a 2-minute 

immersion in two different containers filled with 96% ethanol. The samples were 

eventually washed with water to complete the rehydration process. Several 3-µm-

thick sections of each cell line were also cut and placed on standard microscope 

slides, where they were stained with haematoxylin and eosin (after dewaxing) ac-

cording to standard staining protocol. The light microscope images of the three 

melanoma cell line sections stained with haematoxylin and eosin are shown in 

Study II (Fig. 1). 

In Study III, only two cell lines, i.e., IPC-298 and SK-MEL-30, were used, but 

four different sets of samples were prepared from these two cell lines. The first set 

of samples consists of two 5-µm-thick sections of each cell line placed on 2-mm-

thick CaF2 windows without paraffin removal. The second set, like the first, con-

sists of two 5-µm-thick sections from each cell line placed on 2-mm-thick CaF2 

windows, but the samples were deparaffinized with xylene, as in Study II. The third 

set consists of two 5-µm-thick sections of each cell line placed on low-E micro-

scope slides without paraffin removal. The fourth set consists of two 5-µm-thick 
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sections of each cell line placed on low-E microscope slides, but the samples were 

deparaffinized with xylene, as in Set 2. These four sample sets were prepared to 

compare two modes (transmission and transflection) and sample types (paraffinized 

and deparaffinized) in order to evaluate the impact that different modes and paraffin 

have on the acquired cell spectra of identical samples, as well as to determine the 

optimal combination of mode and sample type to achieve the highest accuracy in 

differentiating two malignant melanoma cell lines. 

4.2.2 FTIR data acquisition 

The spectral data from the prepared samples of studies II and III were acquired 

using a Nicolet iN10 MX FTIR microscope (Thermo Scientific, Wisconsin, MA, 

USA) equipped with a nitrogen-cooled mercury cadmium telluride (MCT) detector. 

Only the spectra of individual cells (i.e., cells not connected with other cells) were 

acquired from each sample. The aperture size of 20 ×20 µm2 was used to acquire 

the cell spectra in a spectral range of 900–4000 cm-1 with a spectral resolution of 8 

cm-1. The aperture size was selected to roughly match the cell size, minimizing any 

signal outside the cells. The acquisition of one cell spectrum with 256 scans took 

about 4 minutes (including background spectrum collection, which was also ac-

quired with 256 scans). 

In Study II, transmission mode was used to acquire the spectra from three cell 

lines. A background spectrum was collected from a clean CaF2 window before each 

acquisition and was automatically subtracted from each cell spectrum. A total of 

260, 300 and 260 cell spectra were acquired from the IPC-298, SK-MEL-30 and 

COLO-800 cell lines, respectively. In Study III, both transmission and transflection 

modes were used to acquire the spectra from four different sets of samples prepared 

from two cell lines. The sections placed on CaF2 windows (set 1 and 2) were meas-

ured in transmission mode, while sections placed on low-E slides (set 3 and 4) were 

measured in transflection mode. For transmission mode, a background spectrum 

was collected from a clean area of the CaF2 window, whereas in transflection mode, 

a clean surface of the low-E slide was used. A total of 2,080 cell spectra were col-

lected from four sets of samples: (1) 260 (IPC-298), 260 (SK-MEL-30); (2) 260 

(IPC-298), 260 (SK-MEL-30); (3) 260 (IPC-298), 260 (SK-MEL-30) and (4) 260 

(IPC-298), 260 (SK-MEL-30). 
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4.2.3 Data pre-processing 

In both studies, similar approaches were used to pre-process the spectra before 

spectral analysis. Following the acquisition of spectra from each sample, the base-

line was corrected with a simple offset correction to remove any negative values. 

The Resonant Mie scattering correction (RMieS) algorithm was then applied to 

offset-corrected spectra to eliminate distortions caused by the scattering of infrared 

radiation from the cells. In Study II, the number of iterations in the RMieS algo-

rithm was set to five, while the other correction options were set to the default 

values. In Study III, all correction options were set to default values, but the spectral 

regions affected by paraffin (Fig. 9) (i.e., 1350–1490 cm-1 and 2700–3000 cm-1) 

were down-weighted because the reference spectrum used by the algorithm does 

not contain paraffin contributions and paraffin peaks would influence the correction 

outcome. The corrected spectra were then vector-normalized in both studies and 

used for univariate analysis. For multivariate analysis, second derivative spectra 

were first calculated (Fig. 10) in both studies using the Savitzky-Golay algorithm 

with seven smoothing points (polynomial order = 2) after the correction of spectra 

with the RMieS algorithm. The second derivative spectra were then vector-normal-

ized and used for the analysis. 

 

Fig. 9. Normalized spectra of a deparaffinized melanoma cell (bottom) and paraffinized 

melanoma cell (top) showing the regions affected by paraffin (by Shakya).  
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Fig. 10. An example of a second derivative spectrum used in multivariate analysis. In 

the second derivative spectrum, the negative peaks correspond to the positive peaks 

in the original spectrum (by Shakya). 

4.2.4 Data analysis 

In Study II, the integrated areas of symmetric phosphate, asymmetric phosphate, 

amide II, amide I and amide A were calculated, and the bands were compared be-

tween the three cell lines to interpret the differences. Furthermore, the amide I/am-

ide II ratio was calculated, and the potential peak shifts of the calculated prominent 

bands were assessed. After acquiring the values of each band, the one-way ANOVA 

test was performed, followed by a pairwise comparison of each cell line using the 

Bonferroni method to determine the significance of the differences in these bands 

between the cell lines. In the multivariate analysis, Principal Component Analysis 

(PCA) was first performed to investigate the spectral differences occurring between 

the three cell lines in an unsupervised manner. These spectral differences were an-

alysed based on the scores of the first two PCs with the help of a score plot. The 

loading of the first two PCs was plotted as well to determine which bands contribute 

to the separation of the three cell lines. The Partial Least Squares Discriminant 

Analysis (PLS-DA) was used to create a multiclass model for further classification 

of the three cell lines. A total of eight latent variables were used to build the model, 

and the spectra of each cell line formed their own class in this multiclass model. 

Because paraffin affects the spectral regions of the lipid (2835–2999 cm−1) and CH3 
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(1351–1480 cm−1) regions, they were truncated for multivariate analysis. Further-

more, the non-absorbing regions (1801–2834 cm−1 and 3631–4000 cm−1) were also 

removed from the spectra. 

In Study III, the integrated areas of symmetric phosphate, antisymmetric phos-

phate, amide I and amide II were calculated from the four different sets of samples 

consisting of two cell lines. The calculated values of these four prominent bands 

were compared using an independent t-test to determine whether the differences 

were statistically significant between the same cell line measured using different 

modes, sample preparation procedures, and between the two cell lines in each sam-

ple set. The possible peak shifts were also evaluated. PCA was then performed to 

visualize any spectral differences that occurred in the spectra due to the use of dif-

ferent measurement modes and sample preparation procedures acquired from iden-

tical samples. Finally, PLS-DA models with nine latent variables were built to dif-

ferentiate the two cell lines in each set of samples. 
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5 Results 

5.1 Summary of the systematic review (I) 

A total of 35 studies were determined to be eligible for inclusion in Study I.  Table 1 

of Study I depicts a detailed description of all the studies included in this review, 

whereas Fig. 1 in Study I depicts the detailed procedure for identification, inclusion 

and exclusion criteria of the studies for this review. Among the included 35 skin 

cancer studies, twenty-one studies were based on melanoma, six on BCC, two on 

SCC and two on lymphocytes. The remaining four studies focused on differentiat-

ing between different types of skin cancer. 

Out of the twenty-one melanoma studies, four were focused on differentiating 

melanoma from healthy samples, five studies investigated various skin lesions (i.e., 

nevi and melanomas) with respect to normal skin to differentiate them based on 

biochemical changes associated with the condition, one study investigated spectral 

differences between various histological melanoma subtypes, two studies focused 

on identifying the major cell types and structures present in melanoma samples and 

one study attempted to predict the metastatic potential of melanoma cells based on 

the intermolecular structure of water molecules. One study found that combining 

the 3D myoma model with FTIR spectroscopy can provide a biologically relevant 

system for cancer invasion research by analysing changes in the tissue microenvi-

ronment, while another found that engineered tissue can be used as a model for 

monitoring disease progression and phantoms for imaging. According to one study, 

FFPE processing during sample preparation causes significant changes in cell in-

frared spectra, but this change has no effect on the accuracy of cellular subtype 

classification. Five studies were conducted in order to predict the response of mel-

anoma cells to drugs. 

Of the included six BCC studies, three used FTIR spectra of blood samples to 

differentiate between healthy and BCC patients, while one study used tissue sam-

ples prepared under high pressure to differentiate between BCC and healthy sam-

ples. One study successfully identified tumour lesions from infrared spectral im-

ages of tissue sections using FFPE samples without dewaxing. Another study used 

FFPE samples to identify changes in FTIR spectra caused by BCC development in 

order to distinguish BCC from other skin lesions (melanocytic lesions and SCC) 

and to distinguish different subtypes of BBC based on the acquired spectra. 
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Among two SCC studies, one was focused on distinguishing SCC from healthy 

tissue by analysing the differences in FTIR spectra. In another study, multistage 

chemical carcinogenesis was used to initiate SCC, and the biochemical changes 

that occurred in healthy skin during the procedure were investigated. Two studies 

on lymphocytes using FTIR imaging revealed that cytotoxic T cells (CD8+), helper 

T cells (CD4+) and regulatory T cells (CD25+) can be accurately identified and 

quantified. Furthermore, the presence of human leukocyte antigen (HLA) class I in 

FFPE samples can be detected without the use of an antibody. Two of the four stud-

ies that investigated multiple cancers in the same study used carcinoma samples 

(SCC, BCC, Bowen's disease) to distinguish them from healthy samples as well as 

from each other. Another study also used carcinoma samples and focused on opti-

mizing C-means clustering parameters to reveal more information about cancer in-

vasiveness and heterogeneity. The final study examined the spectral differences that 

occur with BCC, melanoma, and nevus samples. 

The majority of the samples used in the studies (n = 29) originated from hu-

mans, with biopsies being the most common form of sample for spectroscopic 

measurement, followed by cell cultures, blood and serum. Samples from mice were 

the second most common (n = 3), among which biopsy was also the most common 

sample type, followed by serum. In two studies, both human and mouse samples 

were used in the form of cell cultures, and one study used engineered tissue as a 

media for melanoma cell growth. To measure the samples and acquire spectral data, 

twenty-two studies used transmission mode, nine studies used ATR, three used 

transflection, and one used both transmission and transflection mode. To remove 

the distortion caused by physical phenomena after the measurement, pre-processing 

of the acquired spectra has been an important part of spectroscopy. Almost all stud-

ies (n = 30) performed spectroscopic data pre-processing prior to analysis, while 

five studies did not provide any information about the pre-processing. Normaliza-

tion (n = 26), baseline correction (n = 16), water vapour correction (n = 10), carbon 

dioxide peak removal (n = 9), second derivative (n = 7), extended multiplicative 

signal correction algorithm (n = 6), Savitzky–Golay filter (n = 4), PCA (n = 3) and 

standard normal variate (n = 1) were the most used pre-processing methods in the 

included studies. Cluster analysis was the most used algorithm in the included stud-

ies (n = 16) for the analysis of spectral data, followed by principal component anal-

ysis (PCA) (n = 12), discriminant analysis (n = 10), univariate analysis (n = 10), 

partial least square regression (PLSR) (n = 2), deconvolution (n = 2) and discrimi-

nant classification function (n = 2). In almost all the studies, multiple algorithms 

have been used for the analysis of spectral data. 
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In summary, the results of this review highlight that there are only a limited 

number of FTIR spectroscopy studies focused on skin cancers, with most of them 

focusing on melanoma. Among the melanoma studies, majority of them were based 

on differentiating melanoma from healthy or normal samples, and only few studies 

have attempted to investigate the possibility of characterizing metastatic potential 

of melanoma cells. Therefore, studies aimed at providing additional information 

about the metastatic potential of the melanoma cells using samples identical to 

those used by pathologist during histopathological analysis are required. Further-

more, studies conducted on the field have used varieties of samples and different 

modes of measurement to acquire spectral data. Hence, studies on the establishment 

of standard FTIR spectroscopy protocols should be carried out so that the results of 

the studies conducted in different laboratories can be reproduced and the acquired 

spectra can be utilized to develop comprehensive library to build better machine 

learning models. 

5.2 Discriminating malignant melanoma cell lines (II) 

5.2.1 Univariate analysis 

In Study II, the region of 1000–4000 cm-1 was investigated for discriminating the 

three cell lines. The integrated areas of five prominent spectral bands were com-

pared between three cell lines for univariate analysis. Significant differences were 

observed in the integrated area of symmetric phosphate between IPC-298 and 

COLO-800, as between SK-MEL-30 and COLO-800. No significant difference 

was observed between IPC-298 and SK-MEL-30. Compared with IPC-298, there 

was an increase in the integrated area of symmetric phosphate in SK-MEL-30 but 

a decrease in COLO-800. Significant differences were observed between each cell 

line in the antisymmetric phosphate, amide II and amide A bands. In antisymmetric 

phosphate and amide II, the integrated area of the SK-MEL-30 and COLO-800 

increased when compared with IPC-298, whereas in amide A, the trend was the 

opposite as the integrated area decreased when compared with IPC-298. In addition 

to the change in the integrated area, a shift of peak to a lower wavenumber was also 

observed in these bands. The antisymmetric phosphate peak of COLO-800 shifted 

from 1238 to 1234 cm−1, the amide II peak of SK-MEL-30 shifted from 1539 to 

1535 cm−1 and the amide A peak of both SK-MEL-30 and COLO-800 shifted from 

3298 to 3294 cm−1. For the amide I band, significant differences were observed 
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between IPC-298 and SK-MEL-30, as well as between SK-MEL-30 and COLO-

800 but not between IPC-298 and COLO-800. Its integrated area increased for SK-

MEL-30 when compared with IPC-298 but decreased for COLO-800. Table 3 

shows the peak positions of the spectral bands as well as variations in their mean 

absorbance value, whereas Table 4 shows a pairwise comparison of cell lines. 

Table 3. The peak positions and mean absorbance values (±SD) of five spectral bands.  

IR bands Wavenumber position  Mean absorbance values 

IPC-298 SK-MEL-30 COLO-800  IPC-298 SK-MEL-30 COLO-800 

Symmetric 
phosphate  

1072 1072 1072  3.51 ± 1.49 3.63 ± 1.40 2.09 ± 1.06 

Antisymmetric 
phosphate 

1238 1238 1234  0.34 ± 0.15 0.40 ± 0.10 0.49 ± 0.11 

Amide I 1655 1655 1655  6.87 ± 0.50 7.41 ± 0.38 6.85 ± 0.52 

Amide II 1539 1535 1539  2.29 ± 0.37 2.63 ± 0.37 2.41 ± 0.38 

Amide A 3298 3294 3294  17.08 ± 1.54 16.63 ± 1.23 15.76 ± 1.48 

Table 4. Pairwise comparison of three cell lines along with their p-values calculated us-

ing one-way ANOVA. 

IR band comparison across cell lines Difference (mean ± SD) p-values1 

Symmetric phosphate   

IPC-298 and SK-MEL-30 0.11 ± 0.082 0.93 

IPC-298 and COLO-800 1.42 ± 0.077 <0.0001 

SK-MEL-30 and COLO-800 1.53 ± 0.082 <0.0001 

Antisymmetric phosphate   

IPC-298 and SK-MEL-30 0.05 ± 0.007 <0.0001 

IPC-298 and COLO-800 0.15 ± 0.007 <0.0001 

SK-MEL-30 and COLO-800 0.09 ± 0.007 <0.0001 

Amide I   

IPC-298 and SK-MEL-30 0.53 ± 0.029 <0.0001 

IPC-298 and COLO-800 0.01 ± 0.027 1 

SK-MEL-30 and COLO-800 0.55 ± 0.029 <0.0001 

Amide II   

IPC-298 and SK-MEL-30 0.34 ± 0.023 <0.0001 

IPC-298 and COLO-800 0.12 ± 0.021 0.0005 

SK-MEL-30 and COLO-800 0.21 ± 0.023 <0.0001 

Amide A   

IPC-298 and SK-MEL-30 0.44 ± 0.087 0.0006 

IPC-298 and COLO-800 1.32 ± 0.081 <0.0001 

SK-MEL-30 and COLO-800 0.87 ± 0.087 <0.0001 

1Bonferroni correction was used to calculate statistical significance 
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5.2.2 Multivariate analysis 

For accurate classification of the three cell lines, two multivariate methods, one 

unsupervised (PCA) and the other supervised (PLS-DA), were used. In PCA, the 

first three components (PC1: 33.63%, PC2: 23.23%, PC3: 16.11%) accounted for 

nearly 73% of the variance. The scores of these three PCs were used to investigate 

the spectral differences between the three cell lines using a score plot (Fig. 11). A 

significant overlap was observed between the three cell lines, with no distinct clus-

ters separating them. PC1 and PC2 loadings plotted for further interpretation re-

vealed larger contributions in the carbohydrate and nucleic acid regions, which 

could be attributed to DNA and RNA structures as well as in the amide I region, 

which could be attributed to changes in protein secondary structures (see Study II, 

Fig. 3b). The PLS-DA model was then developed to improve the classification of 

the three cell lines in the study. The developed model was capable of discriminating 

between the three cell lines with high accuracy, with mean sensitivities of 85%, 

95.75% and 96.54% for IPC-298, SK-MEL-30 and COLO-800, respectively, and 

mean specificities of 97.80%, 92.14% and 98.64%. Table 5 shows the predicted 

results of the three cell lines. The absolute regression coefficient values in the pro-

tein, DNA and carbohydrate regions were large in the regression vectors plotted for 

each cell line, indicating their importance for classification, whereas the high wave-

number region had only a minor impact on classification (see Study II, Fig. 4). 
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Fig. 11. Three-dimensional score plot computed using the first three PCs. Blue circles 

indicate primary melanoma cells (IPC-298), while red and black circles indicate meta-

static melanoma cells (SK-MEL-30 and COLO-800, respectively) (by Shakya). 

Table 5. The performance of the PLS-DA model in the classification of the three cell 

lines. The results presented below are the mean of 50 PLS-DA runs. 

Cell lines 
Identified as 

IPC-298 SK-MEL-30 COLO-800 

IPC-298 85.00 ± 3.75 13.81 ± 3.36 1.19 ± 1.28 

SK-MEL-30 2.75 ± 1.44 95.75 ± 1.84 1.50 ± 1.02 

COLO-800 1.56 ± 1.27 1.90 ± 1.22 96.54 ± 1.82 

5.3 Determining the most appropriate mode and sample type for 

discriminating malignant melanoma cell lines (III) 

5.3.1 Transmission vs Transflection mode 

The effect of two different measurement modes (transmission and transflection) on 

acquired spectra was investigated by comparing adjacent sections of samples from 
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the same cell line placed on CaF2 and low-e slides. The samples from the IPC-298 

and SK-MEL-30 cell lines were compared before and after paraffin removal. The 

region of 1000-1800cm-1, i.e., the fingerprint region, was investigated for the com-

parison. Fig. 2 in Study III shows the mean spectrum of each cell line with and 

without paraffin measured in the transmission and transflection modes. Four bands 

observed in the region, i.e., symmetric phosphate, antisymmetric phosphate, amide 

II and amide I, were evaluated for the univariate analysis. Significant differences 

were observed in both cell lines when the integrated area of these bands measured 

in transmission mode was compared to the integrated area of the bands measured 

in transflection mode for samples with paraffin. When compared to transmission 

mode, the integrated areas of antisymmetric phosphate, amide II and amide I de-

creased in transflection mode for both cell lines. However, for the symmetric phos-

phate, the integrated area increased for the transflection mode compared with the 

transmission mode. Furthermore, in the IPC-298 cell line, peak shifts of amide II 

and amide I from lower to higher wavenumber were observed in transflection mode 

compared with transmission mode. No peak shift was observed for the SK-MEL-

30 cell line. Similar results were observed for the deparaffinized samples. For both 

cell lines, there was a significant difference in all observed bands measured in two 

different modes. The integrated area of all four bands decreased in transflection 

mode for both cell lines in deparaffinized samples when compared with transmis-

sion mode. Furthermore, in IPC-298 cell lines, the amide II peak shifted to a higher 

wavenumber (from 1543 to 1547), whereas in SK-MEL-30 cell lines, the amide I 

peak shifted to a lower wavenumber (from 1655 to 1651). The position of the peak 

of each band along with their mean absorbance values in both modes are shown in 

Table 6.  

PCA conducted to visualize the spectral differences occurring between the two 

modes showed separate clusters with some overlap for both cell lines. The first two 

PCs were used to generate the score plot (Fig. 12a, b). The two PCs together ac-

counted for almost 68% (PC1: 47.95%, PC2: 19.95%) and 74% (PC1: 52.66%, PC2: 

20.55%) of variance for IPC-298 and SK-MEL-30, respectively. Loadings of the 

first two PCs (Fig. 12c, d) were also plotted for further interpretation, revealing that 

the difference in the score of the spectra acquired from two modes using two sample 

processing methods is primarily due to variation in the carbohydrate, nucleic acid 

and amide regions. These spectral variations caused by measurement modes could 

be attributed to EFSW or insufficient RMieS correction. 
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Table 6. Wavenumber position and mean absorbance values for each band in transmis-

sion and transflection modes, along with p-values for statistical comparison. 

IR bands Wavenumber position  Mean absorbance value  p-value 

For deparaffinized samples 

 

IPC-298  
(Transmission) 

IPC-298  
(Transflection) 

 
IPC-298  

(Transmission) 
IPC-298  

(Transflection)   

Symmetric 
phosphate  1072 1072  3.92 1.88  <0.0001 

Antisymmetric 
phosphate 1238 1238  0.41 0.39  <0.0001 

Amide I 1655 1655  10.06 9.96  <0.0001 

Amide II 1543 1547  3.34 3.20  <0.0001 

 

SK-MEL-30 
(Transmission) 

SK-MEL-30 
(Transflection) 

 
SK-MEL-30 

(Transmission) 
SK-MEL-30 

(Transflection)   
Symmetric 
phosphate  1072 1072  4.37 2.02  <0.0001 

Antisymmetric 
phosphate 1238 1238  0.47 0.35  <0.0001 

Amide I 1655 1651  10.17 9.50  <0.0001 

Amide II 1543 1543  3.25 2.95  <0.0001 

For paraffinized samples 

 

IPC-298  
(Transmission) 

IPC-298  
(Transflection) 

 
IPC-298  

(Transmission) 
IPC-298  

(Transflection)   

Symmetric 
phosphate  1072 1072  2.62 3.73  <0.0001 

Antisymmetric 
phosphate 1238 1238  0.41 0.27  <0.0001 

Amide I 1651 1655  10.03 8.67  <0.0001 

Amide II 1543 1547  3.51 3.41  <0.0001 

 

SK-MEL-30 
(Transmission) 

SK-MEL-30 
(Transflection) 

 
SK-MEL-30 

(Transmission) 
SK-MEL-30 

(Transflection)   
Symmetric 
phosphate  1072 1072  2.42 3.21  <0.0001 

Antisymmetric 
phosphate 1238 1238  0.39 0.36  <0.0001 

Amide I 1651 1651  10.07 9.80  <0.0001 

Amide II 1547 1547  3.60 3.34  <0.0001 
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Fig. 12. PCA score plots (a, b) for the first two PCs to visualize the difference between 

the two measurement modes and sample types along with the corresponding loading 

plots (c, d) of the first two PCs. An offset value of 0.5 has been added to PC2 loadings 

to avoid overlap (by Shakya). 

5.3.2 Paraffinized vs Deparaffinized samples 

The mean spectra of the two cell lines obtained from both modes before and after 

deparaffinization are shown in Fig. 2 in Study III. The independent t-test conducted 

on the integrated area of the bands acquired from the univariate analysis showed a 

significant difference in the symmetric phosphate and amide II bands for the IPC-

298 cell line and in all bands for the SK-MEL-30 cell line measured in transmission 

mode. No significant difference was observed for the antisymmetric phosphate and 

amide I bands for the IPC-298 cell line. The integrated area of symmetric phosphate, 
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antisymmetric phosphate and amide I decreased in paraffinized samples for both 

cell lines, whereas the integrated area of amide II band increased in both cell lines 

when compared with deparaffinized samples. A peak shift of the amide I band to a 

lower wavenumber (1655 to 1651) was observed in IPC-298 cell line paraffinized 

samples compared with deparaffinized samples. Along with peak shifts of amide I 

to a lower wavenumber (1655 to 1651) in the SK-MEL30 cell line, peak shifts of 

amide II to a higher wavenumber (1543 to 1547) were also observed. For transflec-

tion mode measurements, a significant difference was observed in all bands be-

tween two sample types in both cell lines, with the exception of antisymmetric 

phosphate in the SK-MEL-30 cell line. The integrated area of the symmetric phos-

phate and amide II bands increased, while the antisymmetric phosphate and amide 

I bands decreased in paraffinized IPC-298 samples when compared with deparaf-

finized samples. In the SK-MEL-30 cell line, the integrated area of all bands in-

creased for paraffinized samples when compared with the deparaffinized samples. 

In addition, the peak shift of the amide II band to a higher wavenumber (1543 to 

1547) was also observed in the paraffinized samples of the SK-MEL-30 cell line 

when compared with deparaffinized samples. Table 7 shows the peak positions of 

the bands as well as their mean absorbance values for both sample types. 

PCA conducted on spectral data acquired from paraffinized and deparaffinized 

samples of the same cell lines showed two separate clusters in both measurement 

modes (Fig. 12). As the samples measured were identical, the observed variance 

can be attributed to the presence of paraffin. 

Table 7. Wavenumber position and mean absorbance values of each band for deparaf-

finized and paraffinized samples, along with p-values for statistical comparison. 

IR bands Wavenumber position  Mean absorbance value  p-value 

For transmission mode 

 

IPC-298  
(Deparaffinized) 

IPC-298  
(Paraffinized) 

 
IPC-298  

(Deparaffinized) 
IPC-298 

 (Paraffinized)   

Symmetric 
phosphate  1072 1072  3.92 2.62  <0.0001 

Antisymmetric 
phosphate 1238 1238  0.41 0.41  0.6 

Amide I 1655 1651  10.06 10.03  0.19 

Amide II 1543 1543  3.34 3.51  <0.0001 

 
SK-MEL-30 

(Deparaffinized) 
SK-MEL-30 

(Paraffinized) 
 

SK-MEL-30 
(Deparaffinized) 

SK-MEL-30 
(Paraffinized)   

Symmetric 
phosphate  1072 1072  4.37 2.42  <0.0001 



71 

        

IR band Wavenumber position  Mean absorbance value  p-value 

 
SK-MEL-30 

(Deparaffinized) 
SK-MEL-30 

(Paraffinized)  
SK-MEL-30 

(Deparaffinized) 
SK-MEL-30 

(Paraffinized)   

Antisymmetric 

phosphate 
1238 1238  0.47 0.39  <0.0001 

Amide I 1655 1651  10.17 10.07  <0.0001 

Amide II 1543 1543  3.25 3.60  <0.0001 

For transflection mode 

 

IPC-298  
(Deparaffinized) 

IPC-298  
(Paraffinized) 

 
IPC-298  

(Deparaffinized) 
IPC-298  

(Paraffinized)   

Symmetric 
phosphate  1072 1072  1.88 3.73  <0.0001 

Antisymmetric 
phosphate 1238 1238  0.39 0.27  <0.0001 

Amide I 1655 1655  9.96 8.67  <0.0001 

Amide II 1547 1547  3.20 3.41  <0.0001 

 

SK-MEL-30 
(Deparaffinized) 

SK-MEL-30 
(Paraffinized) 

 
SK-MEL-30 

(Deparaffinized) 
SK-MEL-30 

(Paraffinized)   
Symmetric 
phosphate  1072 1072  2.02 3.21  <0.0001 

Antisymmetric 
phosphate 1238 1238  0.35 0.36  0.08 

Amide I 1651 1651  9.50 9.80  <0.0001 

Amide II 1543 1547  2.95 3.34  <0.0001 

5.3.3 Discriminating two melanoma cell lines from four sample sets 

The PLS-DA model was developed to discriminate the two malignant melanoma 

cell lines from four sample sets, each containing two sections of samples from each 

cell line. The sections in the first set were placed on CaF2 with paraffin, while the 

sections in the second set were deparaffinized after being placed on CaF2. These 

two sets were used for transmission measurements. The third and fourth sets fol-

lowed a similar procedure, but the sections were placed on low-e slides for trans-

flection measurements. These sample sets were prepared to determine the best 

mode and sample type combination for accurately classifying two malignant cell 

lines. The PLS-DA model was built using only the fingerprint region of the ac-

quired spectra, excluding the 1350-1490 cm−1 region that is affected by paraffin. In 

all sample sets, high classification accuracy was achieved in distinguishing two 

melanoma cell lines. The classification accuracy for each sample set is shown in 

tables 8, 9, 10 and 11, respectively. 
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Table 8. The performance of the PLS-DA model in classifying two deparaffinized cell 

line samples measured in transmission mode. The results presented below are the 

mean of 25 PLS-DA runs. 

Cell lines  Identified as 

 IPC-298 (Primary)  SK-MEL-30 (Metastatic) 

IPC-298 (Primary)  94.52 ± 2.44  5.47 ± 2.44 

SK-MEL-30 (Metastatic)  4.46 ± 2.56  95.54 ± 2.56 

Table 9. The performance of the PLS-DA model in classifying two paraffinized cell line 

samples measured in transmission mode. The results presented below are the mean of 

25 PLS-DA runs. 

Cell lines 
 Identified as 

 IPC-298 (Primary)  SK-MEL-30 (Metastatic) 

IPC-298 (Primary)  90.38 ± 2.89  9.61 ± 2.89 

SK-MEL-30 (Metastatic)  22.83 ± 4.23  77.16 ± 4.23 

Table 10. The performance of the PLS-DA model in classifying two deparaffinized cell 

line samples measured in transflection mode. The results presented below are the mean 

of 25 PLS-DA runs. 

Cell lines 
 Identified as 

 IPC-298 (Primary)  SK-MEL-30 (Metastatic) 

IPC-298 (Primary)  98.80 ± 1.07  1.19 ± 1.07 

SK-MEL-30 (Metastatic)  1.50 ± 1.09  98.50 ± 1.09 

Table 11. The performance of the PLS-DA model in classifying two paraffinized cell line 

samples measured in transflection mode. The results presented below are the mean of 

25 PLS-DA runs. 

Cell lines 
 Identified as 

 IPC-298 (Primary)  SK-MEL-30 (Metastatic) 

IPC-298 (Primary)  98.68 ± 0.98  1.31 ± 0.98 

SK-MEL-30 (Metastatic)  0.36 ± 0.48  99.64 ± 0.48 
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6 Discussion 

This thesis reviewed studies on skin cancer assessment that have been conducted 

using FTIR spectroscopy in order to understand the current state of the art and the 

approaches employed in the field for research, as well as to evaluate the potential 

of FTIR spectroscopy in skin cancer research. Furthermore, this thesis attempts to 

fill research gaps left by earlier studies so that FTIR spectroscopy can be estab-

lished as one of the potential routine methods in the field of skin cancer research 

and diagnostics. The systematic review article demonstrates many relevant aspects 

of research on skin cancers, and its result highlights that there are only a limited 

number of studies in the field, and most of those studies are focused on melanoma. 

The majority of the studies are based on differentiating skin cancers from healthy 

tissues, and there are no established protocols for improving the reproducibility of 

the results in skin cancer research. In this thesis, we worked with different mela-

noma cell lines to show that different malignant melanoma cell lines can be differ-

entiated using FTIR spectroscopy with the possibility of differentiating primary and 

metastatic melanoma cells to characterize the aggressiveness of melanoma. Further, 

the optimized protocol for achieving the best classification result has been estab-

lished for future studies. 

6.1 Systematic review of current studies (I) 

The systematic review of the current studies highlights that the majority of current 

research on skin cancers is focused on melanoma. Melanoma has a wide range of 

histological features and spreading patterns, making it difficult to diagnose in its 

early stages. Furthermore, the aggressive nature of the disease, as well as the high 

mortality rate associated with it, could be the reason for this focus. Despite the fact 

that most research has been conducted on melanoma, there is still a lack of sensitive 

and specific spectroscopic biomarkers that can aid in early diagnosis and replace 

the current histopathological examination. The majority of melanoma research is 

based on distinguishing melanoma from healthy skin or samples (Ghimire et al., 

2017; Hammody et al., 2008; Kosoglu et al., 2017; Penaranda et al., 2018). Studies 

comparing biochemical changes occurring in nevi and melanoma with respect to 

healthy cells or samples have also been conducted (Giorgini et al., 2015; Hammody 

et al., 2005; Mordechai et al., 2004; Tfayli et al., 2005; Tosi et al., 2010). Only a 

few studies have been carried out to determine the metastatic potential of melanoma. 
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One study used live melanoma cells as a sample and differentiated the cells (pri-

mary and metastatic) based on their membrane hydration level suggesting higher 

metastatic potential corelates with membrane hydration level (Minnes et al., 2017). 

This method, however, is not in accordance with current practice, as pathologists 

frequently use FFPE biopsy samples for histopathology. Wald et al. (Wald, Bordry, 

et al., 2016; Wald & Goormaghtigh, 2015) used FFPE samples in two studies to 

characterize the metastatic potential of melanoma cells. The first study found that 

neither the supervised nor unsupervised methods could distinguish between the 

FTIR spectra of melanoma cells in the primary tumour and metastases. They were, 

however, able to distinguish between patients with Stage I or II primary tumours 

and those with Stage III or IV primary tumours. In the second study, they suggested 

that melanoma metastases in lymph nodes could be predicted by analysing the bi-

ochemical changes occurring in lymphocytes, thereby assisting in disease staging. 

As the major reason behind the high mortality rate of melanoma is its late diagnosis 

and ineffective treatment, more studies that provide information about the aggres-

siveness of the condition are required for a better characterization of melanoma, 

allowing for more accurate and timely treatment. 

Based on the results of this systematic review, it is evident that there is no 

standard procedure for acquiring spectral data using FTIR spectroscopy. Studies 

conducted in the field have used various sample types, such as biopsies, live culture 

cells, blood and serum. In addition, different sample processing methods were used 

to prepare these samples for measurement. Among them, FFPE samples have been 

used in most studies (22 studies) as it is the common form of sample used by 

pathologists for histopathology in diagnosing a disease. Furthermore, 16 of the 22 

studies deparaffinized the samples before measuring them, five measured them 

without deparaffinization and one used only formalin-fixed samples without paraf-

fin embedding. As in sample processing procedures, measurement modes have also 

not been standardized. The majority of the studies used transmission mode (22 stud-

ies), three used transflection mode and one study used both transmission and trans-

flection mode. Although this demonstrates the flexibility and capability of FTIR 

spectroscopy in working with different modes, sample types, fixation, embedding 

and mounting methods, it does not help to improve the reproducibility of the results 

in different laboratories. It is thus important to comprehend the impact that these 

modes and sample processing methods have on the acquired spectra in order to 

confirm that the interpretation is reliable and the diagnosis of the disease is accurate. 

One study by Peñaranda et al. (Penaranda et al., 2018) shows that sample prepara-
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tion has a significant impact on the results and comparability of cell spectra ac-

quired using FTIR microscopy, as classification performance dropped significantly 

when the algorithms were trained and tested with cells from different batches. Thus, 

for FTIR spectroscopy to be used as a routine laboratory protocol, it is necessary to 

first develop a standard procedure for FTIR spectroscopy measurement that could 

be adopted in all existing biomedical laboratories to improve the reproducibility of 

the results as well as to build a comprehensive library of infrared spectra of respec-

tive tissues and cell types. 

6.2 Discriminating malignant melanoma cell lines (II) 

In Study II, we explored the possibility of discriminating between malignant mel-

anoma cells processed using the FFPE protocol. We used an FFPE sample to ensure 

that the proposed approach used in this study is comparable to the standard proto-

cols used in pathology laboratories for biopsy samples. The main finding of this 

study indicates that different malignant melanoma cells can be differentiated using 

FTIR spectroscopy. Furthermore, the results suggest the possibility of distinguish-

ing primary melanoma cells from metastatic melanoma cells. However, more test-

ing with a larger dataset and clinical samples is required. 

The univariate analysis revealed that as melanoma progresses, the absorbance 

of amide bands (amide I and II) increases, which is caused by conformational 

changes in the secondary structures of protein (Anastassopoulou et al., 2019). The 

absorbance of the amide A band, on the other hand, decreased as the metastatic 

potential of melanoma cells increased. This change is attributed to an increase in 

hydrogen bonding of the affected secondary amino function in metastatic cells as 

an amide A response to protein N-H stretching vibrations. These hydrogen bonds 

are necessary for the protein helix structure to be stable, and the modification of 

these structures indicates a change in the physiological environment (Eckel et al., 

2001). Another indicator of melanoma progression was asymmetric phosphate; its 

absorbance was found to increase in metastatic cells. The phosphate bands provide 

information on various states of cells (YANG et al., 1995), and the change in its 

absorbance is caused by the alteration in the number of nucleic acids, phospholipids 

and phosphorylated proteins, indicating an increased proliferative capacity of cells 

in metastatic conditions.  

PCA and PLS-DA were further performed to discriminate between the three 

malignant melanoma cell lines. PCA did not produce good results since no definite 
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clusters were formed and there was a significant overlap in the spectral data ac-

quired from three cell lines. The similar phenotypic and genomic nature of the cells 

in the primary tumour and the metastatic lesion may be the reason for this limited 

separation (Brannon et al., 2014; Wald & Goormaghtigh, 2015), as PCA does not 

utilize any pre-information about the different classes present in the spectral data. 

The mutational spectra of matched primary and metastatic acral melanomas are 

also shown to be highly similar (Turajlic et al., 2012). Furthermore, the phase of 

the cell cycle has been shown to cause significant changes in the FTIR spectra of 

cells (Hughes et al., 2012; Whelan et al., 2013). Variations in the cell cycle may 

also contribute to the overlap of cell lines in PCA. Using PLS-DA, a good classifi-

cation was achieved for discriminating between three different malignant mela-

noma cell lines. The developed model was capable of accurately predicting each 

cell line with high sensitivity and specificity. Furthermore, the developed model 

also discriminated between primary and metastatic melanoma cells, implying that 

FTIR spectroscopy combined with a developed model could be used to characterize 

the aggressive nature of melanoma cells. 

6.3 Determining the most appropriate mode and sample type for 

discriminating malignant melanoma cell lines (III) 

In Study III, the spectra from the same cell line were acquired in two different FTIR 

spectroscopy modes (transmission and transflection) using two different sample 

types (paraffinized and deparaffinized) to examine whether any significant differ-

ences exist between the two modes and two sample types. Furthermore, discrimi-

nation between two malignant melanoma cell lines was performed in each of the 

preceding setups to determine the best possible combination for achieving the high-

est classification result. In this study, FFPE cell line samples were used as a repre-

sentative model to create a controlled setup for comparison in order to optimize the 

protocol for skin biopsy samples. This study was our first step toward standardizing 

the protocol for measuring skin cancer samples to improve reproducibility across 

laboratories. 

The prominent bands associated with the cell lines were well-characterized in 

both modes and sample types. Despite the fact that the spectra obtained from two 

modes and sample types (after removing the paraffin band from paraffinized sam-

ples) appeared visually similar, there were significant differences in the prominent 

bands when comparing the spectra of the same cell lines measured in two different 

modes and acquired using two different sample types. This was supported by the 
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PCA results, which showed separate clusters for the spectra acquired using different 

modes and sample types, indicating a change in biochemical information due to 

different principles of spectral acquisition and sample processing procedures. This 

is significant, considering that all spectra were acquired from the same cell line 

samples. Since this alteration is not related to the change in the biochemical com-

position of samples (as the samples were identical), they must be the result of some 

artefacts or principles underlying spectral acquisition in the case of two different 

modes. EFSW and the use of different substrates in two modes, in particular, may 

be the primary cause of spectral changes (DeVetter et al., 2017; Filik et al., 2012; 

Mayerhöfer et al., 2017; Mayerhöfer & Popp, 2018). When comparing two differ-

ent sample types, we speculate that the spectral differences observed in the acquired 

spectra are due to the presence of paraffin or a change in optical parameters of the 

system caused by the presence of paraffin. Although paraffin alters the spectra, it 

also aids in improving the sample homogeneity along the sample surface, thereby 

reducing the scattering and EFSW problems caused by the variations in the refrac-

tive index and sample heterogeneity across the sample surface (Bird et al., 2009). 

The developed PLS-DA model was also used to distinguish between two ma-

lignant melanoma cell lines in each set of samples. This discrimination was per-

formed in each mode with each sample type in order to identify the best mode and 

sample type combination for accurate classification. The PLS-DA model developed 

classified two malignant melanoma cells with high sensitivity and specificity in 

each case, implying that both modes and sample processing alternatives are appro-

priate for cultured cell samples. The biochemical content of the cells, which aids in 

the classification of two malignant cell lines, is present in the spectral data regard-

less of the mode or sample type used. However, in this study, the samples measured 

in transflection mode with paraffin provided the best classification. 

To summarize, each mode and sample type has its own set of advantages and 

challenges. The spectra obtained from each setup are significantly different, and 

the pre-processing methods used on the spectra do not make them comparable, 

which should be taken into account when using different datasets in any study. The 

developed PLS-DA model differentiates two malignant cell lines with high accu-

racy in each case, indicating that physical phenomena such as scattering and EFSW 

have only a minor effect on classification accuracy. However, for the results to be 

comparable, one of the modes and sample types must be consistent across all re-

search units. Furthermore, in order for FTIR spectroscopy to be used as a routine 

laboratory protocol, other procedures such as sample collection, handling, prepara-

tion methods, and storage must be standardized as well. 
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6.4 Strengths and limitations 

The strength of this study is the identification of all studies that have been con-

ducted in the field of skin cancer using FTIR spectroscopy. This aids in understand-

ing the current state of the art in the field as well as the void in the field that needs 

to be addressed. Another strength is that we were able to discriminate between dif-

ferent malignant melanoma cell lines and possibly characterize melanoma aggres-

siveness using FFPE samples. We were also able to demonstrate the combination 

of mode and sample processing method that worked best for cell classification in 

skin cancer research. 

There are some limitations associated with the study. The first limitation is that 

the systematic review did not focus on specific methods, parameters or models. 

Since the studies were limited, we instead attempted to identify all the studies that 

had been conducted in order to provide the reader with a general overview of the 

field, and therefore we were not able to conduct a meta-analysis in the systematic 

review. In addition, studies have used different methods, parameters and models to 

conduct the analysis, making it difficult to compare and identify patterns among 

study results in order to conduct the meta-analysis and provide conclusive evidence 

on the most appropriate spectroscopic biomarkers for discriminating between dif-

ferent skin cancer cells and healthy cells. 

The second limitation is that this study only used cultured melanoma cells ("in 

vitro") and included a limited number of cell lines, namely IPC-298, SK-MEL-30 

and COLO-800. The third limitation is that the cell lines used in the study were 

derived from different patients who did not share the same biological characteristics 

or clinical evolution. The fourth limitation is the lack of biopsy samples in the study, 

but this will undoubtedly be addressed in future studies as our results encourage us 

to continue working on developing the FTIR spectroscopic assessment of melano-

mas. 

6.5 Future prospects 

The ultimate goal is to incorporate FTIR spectroscopy into routine laboratory pro-

tocols, assisting pathologists by providing a better understanding of the disease 

condition and eventually providing a new tool for the automated characterization 

of the disease state. As evident from this study, discrimination of different malig-

nant cell lines was possible with our developed model. Therefore, future work in 

general will focus on developing a model capable of classifying FTIR spectra of 
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various skin cells present in the biopsy samples. Biopsies are the commonly used 

samples by pathologists for histopathological inspection of melanoma. Once the 

model is well-established, it will be used to analyse melanoma biopsy samples. So, 

we will focus on the detection of melanoma cells from the pool of different skin 

cells for the precise diagnosis of the disease and also differentiate these detected 

cells into primary and metastatic in order to estimate the melanoma aggressiveness. 

Furthermore, the microenvironment of melanoma cells, which is an important tar-

get for studying cancer progression, will be analysed in more detail. The use of 

non-linear models, such as support vector machines (SVMs) and random forests, 

will also be investigated for accurate cell-level classification. The main challenge 

for developing a highly accurate model would be in having a large amount of train-

ing data available. So, a crucial step would be to use the same sample type and 

mode across all research units in order to acquire comparable spectra, allowing for 

the development of a comprehensive library of infrared spectra of respective tissues 

and cell types. Another future prospect is utilizing high-resolution alternatives such 

as synchrotron FTIR microscopy and optical photothermal infrared (O-PTIR) mi-

croscopy to see whether the higher resolution aids in the discovery of new bio-

chemical information related to cancer aggressiveness. In summary, the main mo-

tive of future research will be to improve the overall quality of the diagnostic pro-

cedure by identifying the aggressiveness of the disease from the biopsy samples 

because the prognosis of the patients and treatment selection heavily depend on it. 
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7 Conclusion 

This study summarizes recent advances in skin cancer research using FTIR spec-

troscopy and demonstrates its potential for many relevant aspects of skin cancer. 

This study also investigated the efficacy of FTIR spectroscopy for discriminating 

different malignant melanoma cell lines. In addition, this study examined the dif-

ferences in acquired FTIR spectra of two melanoma cell lines caused by two meas-

urement modes and sample processing methods and compared each case to differ-

entiate between the two melanoma cell lines in order to enable standardization of 

sample processing and measurement geometry. The main conclusions of the study 

are listed below: 

1. The use of FTIR spectroscopy for the analysis of skin cancer samples is gaining 

popularity among researchers and is evolving as a powerful tool for histopatho-

logical and cytopathological studies. It has the potential to enhance the patho-

logical assessment of skin cancers, but due to the heterogeneous nature of the 

samples, parameters and methodologies used by the researchers, providing a 

conclusive remark on the most appropriate spectroscopic biomarkers remains 

difficult. 

2. Melanoma has received the most attention in the field of skin cancer research 

due to its aggressive nature and the fact that it is the most lethal form of skin 

cancer. The majority of research on melanoma is aimed at discriminating it 

from healthy samples. Furthermore, no standard protocol was followed by re-

searchers when acquiring spectral data from melanoma samples.  

3. Facilitating the spectral data obtained from FTIR spectroscopy with the devel-

oped PLS-DA model can discriminate between different malignant melanoma 

cell lines. Additionally, primary and metastatic melanoma cell lines can also be 

differentiated, indicating the aggressiveness of a tumour. 

4. The biochemical features present in cells, which differentiate various malig-

nant cell lines, are retained in both transmission and transflection mode and 

paraffinized and deparaffinized samples, resulting in high classification accu-

racy in all combinations. Considering the economic advantage of low-emissiv-

ity slides, greater ease of handling and no further alteration of samples with the 

treatment of organic solvents, the use of transflection mode with paraffinized 

samples seems advantageous. In addition, the combination produced the best 

result in Study III as well. 
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