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Abstract

Breast cancer incidencates are increasing in women worldwide with the highests
reported in developedountries. A combination of screening approaches, Immuno
histopathology and gene profiling analyses are currently issediagnosis and typing

but have their own limitédns in understanding disease and its subtypes. Raman
spectroscopy (RS) has attained great attention from bicaiegsearcherdue to its
norrinvasive and nowlestructive detection approach. Chemometrics is one of the

powerful tools used in spectroscopgsearch to enhance its sensitivity.

RS was used to characterise and differentiate two breast cancer and one normal breast
cell lines (MDAMB-436, MCF7 and MCF10A) and spectra of the cell lines have
revealed basic differences in the concentration oth®mical compounds such as
lipids, nucleic acids and proteins Raman peaks were found to differ in intensity and
principal component analysis (PCA) was able to identify variations that lead to accurate
and reliable separation of the three cell lines. Lirgkscriminant analysis (LDA) model

of three cell lines was predicted with 100% sensitivity and 91% specificity.

RS studies were extead fromsingle cells to multiple cell spheroids. Human breast
cancer cellines (T-47D) were grown as spheroids aaad¢anbination of RS and Cluster
analysis were employed to understand biochemical fingerprint and differentiation of
normal proliferating, hypoxic and necrotic regions of spheroids. These variations may
be useful in identifying new spectral markers and furthederstanding of cancer

metabolism.

Finally, Human breast biopsies dissue microarrayTMA) slide were analysed using

RS and Chemometrics approaches. Biopsies were classified as luminal A, luminal B,
HER2 and triple negative subtypes to understand anchanges associated with
breast cancer subtypes. Supervised and unsupervised algorithms were applied on biopsy
data to explore intra and inter dataset biochemical changes associated with lipids,

collagen and nucleic acid content.

In summary, RS has fafred great potential understanding breast cancer from cell line
level to multicellular spheroid to higher architecture ofussThis study has explored
new area to understand biochemical fingerprint of breast biopsies, which is
complementary to curremtends of molecular profiling and immurastopathological

approaches.
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Chapter 1

Introduction

1.1 Cancer; An Overview
Cancer is an uncontrolled growth of tissue caused by rapid cell proliferation. It is an

accumulation of cells that leads to the development of a tumour, also known as a
neoplasm. Neoplastic cells initially gather as a cluster in the body, which is referred

as the benign stage. These types of cancers are stable and recovery can easily be
attained through surgical excision. Once neoplastic cells start to invade their
surrounding tissues, this is referred to as the malignant stage, whereby cells have
develged invasive behaviour and these are generally life threatening. When the tumour
cells migrate away from primary locations and start forming remote colonies through
lymphatic or blood circulation, they become metastatic. The classificationasfceris
dependent upon the type of cells, and the tissues where the disease originates.
Carcinomas derive from epithelial tissues, sarcomas can develop from muscles cells and

leukaemia deriveBom hemopoiteic cell§Alberts, 2015).

Most types of cancer cells form a mass which is called a tumour and is named after the
organ ofthe body where it originated. An estimate across the world in 2008 revealed
that 12.66 million people were diagnosed with cariEegure 1) It was also estimated

that in the same year 7.56 million cancer deaths occurred out of a world estimated
populationof 6.75 billion people. Furthermore out of 27 cancers, lung cancer remains
the most common cancer in both diagnosis (1.6millions (12.6)) and death rates (1.37
million (18.1)) during the same year. This is closely followed by breast cancer, which is
the seond most common cancer overall, with 1.38 million cases (10.9%) but rinks 5

in terms of deaths 61% (45800 This is followed by colorectal, stomach and prostate

cancer both in terms of diagnosis and death rates i.e. 1.2 million cases and deaths
1



609900,990000 cases and deaths 737000 913000 eask261000 deaths respectively
(Ferlay et al., 201,(Reeves et al., 2007

1.2 Breast Cancer

In the 18" century @ eminent French SurgepLe Dranfirst reported the casef a
breast cancer patient, whose previous two generations had experienced a history of the
disease. In the mid9" century, it was further reportenly anothe French surgeon,
Broca, who observethe disease ifiour previous generationsn 1972, Lynch ad his
teamreported hereditary breast cancer along with ewadarcinoma in 34 families. A
major breakthrough in breast cancer history wesidentification of BRCA1 locus to
17921 by MarnyClaire King and her colleagues in 199dindeman and Visvader,
2011D).

1.3 Epidemiology

Breast cancer is the most common cancé&mirerican women and it accounts fare in
three cancers. Breast cancer figures of the year 201 1rbéawaledthe following facts.
More than onanillion women were diagnosed as invasive and nearly sixty thousand
women were diagnosed assitu breast canceiGeographical differences also affected
the occurrence of the diseas@r example, those in thidew Mexico and Delaware
region were more prone to breast caramnpare to those irother regionsincidence
rates also varied relative to tddferent ethnic groups in the United Stat€be hghest
incidence rates were reported in Aaapanic whitevomen in the gea of California and
Columbia whilst the ighest mortality rates were reported in African American women

(Torre et al., 201p

Breast cacer is also the most commonly occurring cancer in Australian women, after
skin cancer. According tetudies by théustraliangovernment, théncidence ratesf
breast cancer were increasedviomen aged between fifty to sixty nine yedrse same

studies found thatearly thirteenand ahalf thousand women were affecteg the
2



disease in 2008reast cancer survivaates were lower in West, South andriien

regions of Australia compared other areas. Breast cancer consequently has the second
highest mortality rate amongst alinces (Farley et al., 2010

Western European countries appear to have the highest incidence rate for breast cancer
whilst Eastern and Middle Africa account for the lowest values with almostdige
variation in world agestandardised (AS) incidence ratéSigure 1) Amongst 27
different countries of Europe, Belgium had the highest rate of approximately 145 cases
per 100,000 for European AS incidence rates in 2008 for female breast cancer whereas
the lowest rates were noted in Greece with a value of 57 cases per 100,000. The
incidence rate for females in the UK was found to be sixth amongst all European
countries (EW27) (Figure 2) Within United Kingdom, breast cancer is considered to be
most conmon malignancy in England, Wales and Northern Ireland. While in Scotland
breast cancer is second most common malignancy. The lifetime risk of this disease in
women is 1 in 8, and nearly 50,000 women were diagnosed with breast cancer in UK
during 2011. Sine 1970, the incidence rates of lifetime risk increased by 72%. It was
also noticed that the lifetime risk increases with age, nearly 8 in 10 women were
diagnosed with the disease aged 50 or over. Breast cancer incidence AS rates in
England, Wales, Scotlanand Northern Ireland were 124.8, 123.3, 130.2 and 118.4
respectively. Northern Ireland showed lowest incident AS rates compared to other parts

of the United KingdomKarley et al., 201,0Cancer ResarchUK., 2012.

The economically developed regions of the world have gained a significant increase in
incidence of female breast cancer rates especially in Central, Eastern and Far Eastern
parts of Europe and this has been greatly influenced by chanddssigle and/or
reproductive behaviour, weight gain, alcohol consumption and the use of hormone
replacement therapy (HRT). Similarly the risk has been found to be more pronounced in

females who migrated from a low risk area to an area with a higherdkvisk, thus

3



demonstrating the strong influence of lifestyle and environmental fa@terkmy et al.,

2010.

Approximately 10%of the population of developing countries is represented by Latin
America andthe Caribbean. Almostaeh year 10%of new c&es of cancer are
diagnosed irthese countries. However, the total number of breast cancer cases is lower
as compared to developed courdri®Jruguay and Argentina have been shown to
exhibit the highest number of cancer incidencates in these parts of the world.
According to general atistics, there are no regular screening programalable in

these parts of the worl@Cazap et al., 2008
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Figure2: Breastcancer statistics of EuroffEarley et al., 2010

1.4 Etiology
1.4.1Geographic difference
Lifestyle based risk factors and envirnental factors may affect the etiologylotast

carcer. Breast cancer incidencaes werdound to beconsiderably low in Asian and
Mediterranean countries in comparison to thestérn world.Cancer incidence rates
were notably increasing in Asian women, whose ancestors migatéuaited States
few generations previously. This mbg due to lifestyldactors which couldhavebeen
adopted duringhis time period. In recdnyears, Japan hasported an increase in the
incidence rates, perhaps due to the embracing of #seam lifestyle in their culture

(Debruin and Josephy, 2002

1.4.2 Alcohol consumption
Alcohol consumption may increase the risk of breast cancer occurrence. Studies have

found that those women, whip not consumealcohol, show a significantly reduced

likelihood of breast cancer occurrence, compared to women who consume alcohol.



Postmenopausal women, who are habituated to excessive drinking, appear to show an
elevated risk of developing breast cancdcohol intake may produce higher levels of
estrogen and insuliiike growth factor in the bod{Scoccianti et al., 2034

1.4.3Diet
A number ofstudies have reported that dietary fat is one of the risk fadtor

developng breastcancer. The evidence is inconclusinehese studies due #lack of
definitive correlation between fat intakend the likelihood of cancerdevelopment
Estrogen exposure may also cause breast cancethrissgh dietary factors, alcohol
consumption, birth control pills and hormone replacement therapyruguay based
casecontrol study hasonfirmed that cosumption of red meat may elevate risk of
breast cancer. Recent studies have found carcinogenic materials such as polycyclic
aromatic hydrocarbon (PAH) and heterocyclic aromatic amines while grilling meat.
PAH associated DNA adducts were observetirgast cancer tissues and this may be,
one of the casative agestin breat cancer development. But as of ffere is no lear
evidence in this regardintake of vegetables and fruits may decrease the development of
breast cancgAlexander et al., 2090

1.4.4Tobacco Smoking
A weak relationship exists between smoking and breast cancer development. Recent

studieshave revealed that smoking coudtrease the riskfdoreast cancer incidence in
women who started smoking at a&arly age. CYP1Al (Cytochrome P450 family
polypeptide A)genetic variants with nucleotide transition at specific gene locations
were observed in these womg@shibe et al., 1998 However,avery minute percentage

of breast cancerhaveshown these risk factors. Scientists have establiglcedrelation
between smoking and-HNcetyltransferase (NAT 2) genotype. Postmenopausal women
who have a three yeasnoking history haddeveloped fastgenotype. Thiswill

consequently resultin a higher risk of developing breast cancer. Whereas



postmenopausal women, who hedon-smoking history bd developed slow genotype,
thus resulting in a lowetsk of developing the diseageeynolds, 2018

1.4.5Genetic risk factors
The mapr genes condered as risk factors for developmenbodast cancer are BRCAL

and BRCA2. The proteins, which asynthesized by these genes, copldy an
important rolein cancer prevention. Thegenes when mutated, contribute 5 to 10%

of hereditary breast canserThe individuals who inherit theutated copy of these
geneshavea high chance oflevelopng the diseae (Katsama et al., 2000The other
genes, which coulde involved in developing cancer, are ATM, TP53, HER2/neu,
CHEK2, PTEN, p53, BC{2, CDH1 and STK 11. Over expression of BZlgene has
beenobserved in 10 to 40% of breast cancers. Mutations in p53 genes were highly
associated with sporadic breast cancers. aiddt opies of these geneplay an
important role in cell cycle control, nucleic acid repair mechanisms and apoptosis
pathways. Other risk factors implicated in breast cancer development are not having
children, obesity, chemical pollutants and hormone thef@msbruin and Josephy,
2002

1.5Breast Anatomy and Pathology

Breast or mammary gland is amportant organ in the female body and provides
nutrition to the infants. The major constituents of breast are adipose tissue, glandular
tissue, lobes, lobules, alveoli, dsicand nipple. This stoure is supported by
connective tissue al s o(Figure 8)\Breastassmadeap @e r 0 s
mammary milk glands and it contains fifteen to twenty lobes. Ea@hiddiorther made

up of lobules, and each lobule made up of ten to hundred alveoli and they are
interconnected with sequence of branched ducts. Approximately fitbtetmenty five
ductsjoin together and form main duct. Histological studies have confittim&dmore

than seventeen main ducts will enter into the nipple. Recent investigations have

demonstrated human breast structure using-tegblution ultrasound. Lactating breast
7



(milk production) is principlly made up of adipose tissuesd normal breast
accumulates fat as increased with age, and it is glandular during laqi@eddes,

2007, Ali and Coombes, 2002
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Figure3: Schematic representation of Human breast.

The histological analysis of ducts and lobules show that these structures are surrounded
by myoepithelial cells of transverse orientation. However they are lined by luminal
epithelial cells of a single layer. The basement membrane serves to separate these
structures from stroma. The occurrence of a breach in the basement membrane can be a
distinguishing feature between carcinoma in situ and invasive carcinoma.
Microenvironment of breast hasmponents of stromé#éhe stromal components include

some discreteells such as immune cells, fibroblasts, adipocytes, extra cellular matrix

and blood vessel8ertos and Park, 2011



1.6 Breast Cancer Subtypes and Stages
Based on morphology and structural organization, tthreours of breast have been

divided into several categories. The invasive ductal carcinoma is the most commonly
reported and observed one (approximately 75% casesNI®I} followed by invasive
lobular @rcinoma or ILC which is in about 10% of the cases. These two types of
carcinomas together are responsible for 90% of all breast cancers. Some other types are
histologically divided into categories such as tubular, medullary, metaplastic,
neuroendocrine, atinous (A ad B), apocrine, adenoid cystic and micropapillérize

Royal College of Pathologists., 2015)he prognosis of cancer is dependaighly

upon its histological type. It has been observed that the overall outcome of tubular,
adenoid cysticmudnous carcinomas is better than the ten year survatal for ILC,
medullary, IDC NSTand apocrine variantd.i et al., 2005Weigelt et al., 2010

Breast cancer is divided into fodifferent clinical stagebased on tumounodes and

metastases stages (TNM staging)

TNM stage 1 canddivided into two main phases. In stage 1A the tumour is confined
to breast area and has a diameter of O

lymph nodes that are near to the breast area.

Similarly, stage 2 is also divided into two phases. Inest2§ the tumour size may
range from 0 to 2 cm and cancer cells can be found in up to 3 lymph nodes within axilla
or breast bone. The tumour size greater than 2 cm but less than 5cm with no lymph
nodes is also considered as stage 2A. While, in stage 2Brttwair is larger than 5cm

but has not spread into the lymph nodes or breast bone.

Stage 3 is divided into three phases namely 3A, 3B and 3C. In stage 3A the tumour may
be of any size or cancer cells can be found 8 glands under axilla or lymph nodes

near breast glands. Or if a tumour size ranges fréicéh and small clusters of breast



cancer cells are in lymph nodes. Or tumour size greater than 5cm and it has spread up to
3 lymph nodes. While, stage 3B refers that tumour has spread to the skimasifdire

chest wall, or made the skin break down or caused swelling, or cancer may have spread
to 9 lymph nodes in the axilla or in lymph glands near the breast bone. In stage 3C the

tumour is spread into the 10 or more lymph nodes in the axilla, or t@ties @bove or

below of the collar bone, or near to the breast bone.

Stage 4 refers to metastatic state with tumour of any size, the lymph nodes may or may
not be involved but the cancer has spread to other parts body such as bones, lungs, liver

or brain ad distant lymph node@ancer Research UK., 2014

While, the breast cancer subtype classification isdémg upon immunoreactivityf
progesteronereceptor (PR), estrogenreceptor (ER), and human epidermal Growth

Factor 2receptorfHER?2) and can balivided into four subtypes;

1 LuminalA (ER+/PR+/HER?2)

1 LuminatB (ER+/PR+/HER2+) (or HERwith high Ki67)

1 HERZ2 overexpressing subtype (ERR/HER2+)

1 Basal like/triple negative (EffPR-/HERZ2)
1.7 BreasfTumoursg Types and subtypes
Classifications of last tumour types and subtypes are based on classical pathology of
diseased tissues, histological variations in terms of structure and localization,
immunopathology, genomics and transcriptomics.
Based on morphology and structural organization, breasturarare classified into
eleven histological type@.i et al., 2005 Weigelt et al., 2010 The different features of

these tumour subtypes are mentionedablel.
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Table 1: Pathological classification based on morphology and structural organization of

tissue biopsy samples

S. No Histological type

Invasive ductal
carcinoma
Invasive lobular
carcinoma
Medullary

carcinoma

carcinoma
Tubular
Carcinoma
Apocrine
Carcinoma
Metaplastic
Carcinoma
Mucinous
Carcinoma
Adenoid cystic

Carcinoma

Micropapillary

Carcinoma

Neuroendocrine

Features
Cancer starts spreading from wall of milk duct ¢
i nvades breast tissue (
Cancer starts in thderminal ductal lobular uni
(TDLU)and t hen
Cancer starts in the milk ducts and soft tum
me d-b8chsas) of br
Tumours derived from neuroendocrine cells of bre
(4a0. 1%
Tumour begins inside milk ducend cells look tube
l i ke

Tumour begins inside milk ducts and cells look |

spread in |

resembl es

cases)

under microscope (

sweat gland cells under microscope (< 1%)
Tumour is rapidly growing and consistently larger tt
typical IDC (< 1%)

Tumours begins in the milk ducts and produce mt
(< 2-3%)

Resemble salivary gland counterpart and assoc
with ductal epithelium and basal or myoepithelial c
(ao. 1%)

Clusters of tumour cells with predominant clear spe

and esemble angiolymphatic vessélsa 6 %)

Based on immunopathological parameters, breast tumours are classified on four
different subtypes. This classification is maifdgsed on principal markers such as
progesterone receptor (PR), estrogen receptor (ER) and human epidermal growth factor
receptor 2 (HER2). Expression of ERhda PR markers are characterised by
immunohistochemistry (IHC) methods whereas HER2 marker is askseby
combination of IHC and FISH approach@arise et al., 200Wolff et al., 2007. The

features of thesaubtypes are mentioned in Table 2
11



Table2: Subtype classification based on detection of antigens in cells of tissue section
and tumour genetic characteristics.

S.No Subtype Name Features
ER+ ER+/HER2
HER2+ ER-/HER2+
Triple positive ER+/PR+/HER2+
Triple Negative ER-/PR/HERZ

Based on Micrearray based gene expression studies, btaastursare classified into
five subtypegqTable 3) This classification is one step advanced to immunopathological

classification(Hu et al., 2006Sorlie et al., 2001

Table3: Subtype classification based on genemde expression changes in diagnosis
of disease.

S. No Subtype name Features
Luminal A ER+/PR+/HER2
Luminal B ER+/PR+/HER2+
Basal ER-/PR/HER2
HER2 ER-/PR/HER2+
Molecular apocrine ER-/HER2+

Genomic aberrations such as DNA capymber alterations (CNAs) and gene
expression profiles are useful to dissect disease complexitgteatdy breast tumours

into intrinsic gene expression subtygBiatrajan et al., 201@onsson et al., 2010

Based on gene expression data and CNAs bteamsturs are divided intd0 subtypes
(Table 4. Carlos Caldas group has classified breast cancer based on CNAs and its
associated gene expression changes. The ten integrative clusters were identified and

these are distinct in its clinical features andcomegDawson et al., 2013)
12



Table4: Subtype classification based on alterations of the DNA of a genome of
diseased biopsies

Integrative Cluster CNAs Features

Amplification of 17923 and highest prevalence of GAT
mutations (Luminal B intrinsic subtype)

Amplification of 11g13/14 and this region possess CCN
EMSY, PAK1(ERpositive tumours)

Low prevalence of TP53 mutations and high frequency
PIK3CA, CDH1 and RUNX1 mutations (Luminal A tunns)
Low levels of genomic instability, and CAdevoid flat copy
number landscape (both Ei®sitive and ERhegative tumours)
ERBB2 amplification at 17912, intermediate level of geno
instability and high proportion of TP53 mutai® (mixture of
ER-positive, ERnegative and triple negative tumours)
Amplification of the 8pl2 locus and high levels of genor
instability (ERpositive tumours)

Intermediate levels of genomic instability including 16p gain
169 loss and high frequency of 8g amplification dpBsitive
luminal A tumours)

1g gain/16qg loss and high levels of PIK3CA, GATA3, ¢
MAP2K4 mutations (ERpositive luminal A intrinsic subtype)
8q cisacting alterations and 20g ampldion and deletions c
PPP2R2A on 8p (Mixture of intrinsic subtypes)

Highest rates of TP53 mutations and 5q loss and gains at 8¢

and 12p (mostly triple negative tumours)
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1.8 Current Screening and Diagnosis and limitations
In UK, national sreening programmes are optm every woman for breast cancer

screening. In this process

1. Palpation
This is a clinical examinatiotut recommend to patients physically examine
any lumps in thie own breasts includig behind the nipple anaxilla. If any
benign lumpis reportel in this area, it is reported doctor(Thistlethwaite ad
Stewart, 200
2. Mammography
This imaging approach usesrays to identify breast cancers based on density
changes. The limitations of this approach are generalii4l@ercent false
negatives andt can bequite uncomfortable. Mammograucioesnot provide
much information in younger women because of their high density of breast and
less percentage of féflystromet al., 1993Bassett et al., 199Day, 199)
3. Ultrasound
This approach applies high frequency sound waves to detect breast cancers and
it is usually helpful in younger women. This technique is widely used along with
mammography and it good in identifying breast tumougslarper et al., 1981
4. Biopsy procedures
a. Core needle biopsy
X-ray guided core needle is appli@danaesthetized area of breast tissue to collect a
small portion of lump. Radiologist usesrXy to guide the area of tumour and

occasionally tissue sample needed is not visible on ultrasdumel limitations of
this technique are slight bleeding, pand risk of infections, and sometimes
missampling the area of suspected ca(M&infurtner et al., 2004

b. Fine needle aspiration
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In this approach, fineeedle is applied to collesuspeatd breast cancer
cells but it can bgainful and rarely needs local anaesthesia. This method
has high sensitivity in discrimination between cysts and sold tumours but it
cannot discriminate between in situ and Iyama et al., 2004
5. MRI (Magnetic resonance imaging)
This approach involves radio waves to identify breast lesions. It can reveal the
size of tumours in lobular breast cangmtients more accurately which can
guide surgical biopsy. This approach is more accurate than mammaggaapoh
breast ultrasound. The limitatis of this approach are higiost and lackof
potential in visualization of both ductal carcinoma in situ and (DI, 200).
1.9 Vibration Spectroscopyg novel diagnostic approach
Although vibrational spectroscopy has been used in the structural characterisation of
biological molecules alongside-bay d f f r act i on st italtairedgreat i nc e
resurge ofattentonindat e 8006s i n di sease diagnosi s
vibrational approach and has allowed electromagnetic radiation such as UV, visible and
near infrared regions to excite higher energy levels. The energy difference is used to

vibrate molecule$Rehman, 201

The first vibrational approach towards b
tissues. Later on thiapproach wasmployed to detect microorganisms such as bacteria
and virugs Initial studies were concentrated exploring major biological components

of tissuessuch as lipids, carbohydrates and proteins and these were helpful in
understanding metabolismsafraredspectroscopy has attracted many scientists to work

on biological tissues due to advancement in collection of spectra from aqueous solutions
and subtraction of water peaks from raw spectra and explore molecular fingerprint of
biological materials. Overalthe early era of vibrational research was dominated by

infrared spectroscopy compared to RS. Raman analysis of biological tissue was
15



hampered with intense fluorescencedahigh cost of equipment. Asime has
progressd, advancements such as combination of microscopy and FTIR spectroscopy,
powerful lasers, sensitive detector systems and fast computers have revolutionized
infrared spectroscopy and it became powerful tool in-ingasive and label free
approach(Banwell and McCash, 1983The advenif FT-Raman spectroscopy and
Nd:YAG lasershas eliminated fluorescence problems in early years and furthermore,
invention of chargeoupled device (CCD) detectors, efficient filters has solved signal
to noise ratio problems. Moreover, the advent of Confocal Raman spectroscopy (CRM),
Surface Enhanced Raman Spectroscopy (SERS) and CohererStékds Raman
Spectroscopy (CARS) has transformed RS related biological research. Novel diagnostic

approach of RS in each diseaseisnmarised ithefollowing table.

Advantages of Spectroscopy

Optical spectroscopy has played vital role in cancer detection in recent years. The majo

advantages of this approach arentioned belowyfRehman, 201

o This is a norinvasive and label freapproach and requires minimal
sample preparation.
0 Spectracan beacquirel in a shortspace oftime that leads to quick
detection approach.
o0 It can provide chemical information
0 It can elucidate structural information
Applications of spectroscopy in tiss imaging and disease diagnosis are pretty exciting. Raman
has shown promising approach in diagnosis of various cancers on ex vivo biopsies. It may also
helpful in margin assessment studies and that would reduce the need of reexcision surgeries
resulting from positive margins. Implementation of these methods as tools in clinical field

requires large scale ax vivoand in vivo studies, and further development of diagnostic

algorithms. Recent developments in Raman systems such as SEB$hanred Ramamd
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CARS have convinced the usage for vivo human applications. SERS approach use
nanoparticles to yield Raman information on the scale of 100nm. Biocompatible atakizon
nanoparticles were used as SERS substrates in mouse models to diagnose cancer and
inflammation. Tracking of functionalized nanoparticles in human body remains significant

challenge and clinical usage of nanoparticles in human applications still in research phase.

1.10Types of Spectroscopy
Based on regions of spectrum, molecular spscbpy can be divided into five types

namely nuclear magnetic resonance spectroscopy, electron spin resonance spectroscopy,
rotational spectroscopy, vibrational spectroscopy and electronic spectroscopy. NMR
and ESR spectroscopies were observed in radguéncy region. The charged particles

like nucleus and electron and their dipole associated reversal spin causes an absorption
or emission spectrum. Rotational spectroscopy was observed in microwave region and
molecules, which have permanent dipole momexhibit changes in rotational levels

and that energy transitions produce a spectrum. Vibrational spectroscopy liearedinf

region and this causesdipole change. Different types of vibrations such as symmetric
and antisymmetric stetch, and bendingibrations make molecules infrared active.
Electronic spectroscopy exhibit in the visible and UV region and this is caused by

excitation of valence electrofsadingto change in electric dipole.

Different types of spectroscopic techniques and their itapbfeaturesre summarised

in Table5 here below(Rehman, 201
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Table5: Different types of spectroscopy and features.

Spectroscopy Feature Frequency Energy

(H2) (joules/
mol)
NMR and Change of spin Radic 10m™*cm 3X1Cto 103to
ESR frequency 3x10%° 10t
region

Rotational Change of Microwave lcm- 3X10"%t0  10°

spectroscopy orientation region 100nm 3X10"

Vibrational Changeof Infra-red 100mm - 3X10*to 10*

spectroscopy configuration  region 1nm 3x10

Electronic Change of Visible and 1nm-10nm 3X10%to 10
Spectroscopy electronic UV region 3x10'°
distribution

1.101 Elastic Scattering Spectroscopy (ESS)
It is a wavelength dependent scattering approach and it mainly relies on elastic

scattering. The scattered light provides information regarding normal and cancerous
tissues. Spectral signatures are unique to cellular and sub cellular organelles depending
on size, chromatin intensity of nucleus and morphological features of cell organelles

(Dhar et al., 2006

1.10.2 Fluorescence Spectroscopy (FS)
The basic principle of florescence spectroscopy is to quantify intensity of emitted

photons from sample molecules after collision with incident photons. In this approach, a
fluorophore, a fluorescent chemical compound that binds to sample, is excited into a
higher state from growd level after interaction with incident light at specific
wavelength. Upon reaching higher stathe fluorescence signals aeteased at longer
wavelengths than incident absorption. The emitted energy is dependent on both
fluorophore and its chemical nonment. This spectroscopy is applied to investigate

structural changes and binding interactions between mole¢ubdswicz, 2013.
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Tryptophan, an aromatic amino acid, is one of the main components of fluorophore and
is helpful to understand biological interactions using their wavelength. In vivo FS was
applied o skin biopsies to investigatamour pathologies in basal and squamous cell
carcinomas. Increase in Tryptophan and decrease in collagen emission signals related to
skin malignancies were firsteported (Brancaleon et al., 2001 A combination of

diffuse reflectance and intrinsic fluorescence spectroscopes were used to diagnose
breast cancer with highest sensitivity and specifi(igu et al., 2008Volynskaya et

al., 2008 .

1.10.3 Fourier Transform Infrared Spectroscopy (FTIR)
FTIR spetroscopy, an infraed (IR) vibrational spectroscopic approach, can be used to

explore biochemical changes at molecular level. The basic principle in IR spectroscopy
is interaction of IR radiation with moleculeghich resultsin the transformatiorof

signd time domain to frequency domain. Absorption spectrum is the result of FTIR
spectroscopy whereas scattered spectrum is the result of RS. The energy absorbed by
the molecules causes vibrations and that leads to net change in dipole moment. FTIR

hasbeenextensively used in neaqueous samples due to high absorption of water.

FTIR applications have shown huge potential in the disease diagnosis such as breast
cancer, brain cancer, bone cancer, cervical cancer, colon cancer, gastric cancer, lung
cancer, oratancer and skin cancer. FTIR applications were also helpful in studies of
antrcancer drugs, monitoring cell proliferation and growth, and in vitro gkico
measurement. The developmeoft fiber-optic probes has opened more avenues to

investigatedisease @ignosis iavivo and invitro biopsiegMovasaghi et al., 2008

1.104 Raman Spectroscopy
Raman spectroscopy had been extensively used to detect biochemistry of several

biological compounds for many years. Raman has received much attention in past
decade especially in biomedical applications such as diagnosis and monitoring disease
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progress invarious cancers. However, recent advancements in laser and detector
technology have assisted Raman to become a potential approach in medical diagnostics

(Mahadevarnlansen et al., 1997

Principle of Raman Spectroscopy

The basic principle involved in Raman spectroscopy is interaction between
monochromatic light and matter. When light intésasvith molecule, energy is
transferred to molecule or vice versa. Most of the light will be scattered with same
energy as the incident light and this phenomenon was first observed by Lord Rayleigh
and is known as elastic or Rayleigh scattefiRghman, 2012 A very minute fraction

of light will scatter with different energy than the incident light and this was first
discovered by Sir C. V. Raman in 1928. This phenomenon is commonly known as

Raman effect or Raman statng(Hanlon et al., 2000
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Figure4: Schematic representation of Raman spectroscopy.

Raman scattering occurs when a moledslexcited to a vibrational state and it is
associated witlabsorption and emission of a photon. When molecule absorbs energy
during interaction, the scattered photon has lower energy than incident photon and this
phenomenon is known as stokes Raman scattgfitghman, 2012 During the
interaction, if molecule loses energy, the scattered photon has higher energy than
incident photon and it is known as astokes Raman scatterir{igure 5) Raman
spectrum is the representation of Raman scatterbd lig graphical representation; x

axis denotes frequency shifts an@xis denotes intensity absorption. The conventional
units for frequency shifts and intensity absorption are wavenumbé) @md count per

seconds (CPU) respectiveljHanlon et al., 2000 The first generation of Raman
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instrumentation has used visible laser in their research. The major problems encountered
here were fluorescence and instrumentation limitations. Tissue chromophores and
complex bologicd compounds cause a lot fitiorescence in the spectra. Later on,

invention of diode lasers and CCD cameras have diminished much florescence and

improved spectral interpretatio(iSigure 4)(MahadevarJansen et al., 1997
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Figure5: Raman scattering.

In Raman spectrum, each molecule express unique vibration and these molecular
vibrations are commonly kmen as spectralpeaks. These molecular vibrations are
classified in two classes namely stretching and bending vibraffogsre 6 & 7) In
stretching vibrations, bond angles between the molecules remain same and bong lengths
are changing during thé@bration. There are two types of stretching vibrations namely
asymmetric and symmetric. In bending vibrations, the bond length remains the same
and bond angle changes during the vibration. There are four types of bending vibrations
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namely rocking, twistig, wagging and scissoringLin-Vien et al.,, 1991
Figure6: Schematic representation of stretching vibrations
e N .-

Figure7: Schematic representationténding vibrations

—
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1.11Types of Raman Systems

1.11.1 Surface Enhance Raman Spectroscopy
Surface enhanced Raman Spectroscopy (SERS) was first observed by Fleischmann and

his colleagues in 1974Fleischmann et al., 19Y4lt involves substrates, which are
generally rough metal surfaces and used to increase Reigrals by10® to 1¢. The

first use of gold and silver colloids as substrates was reported by Lee and Meisel and
higher magnitudes up to *Owere reportedby Richard van DuynéLee and Meisel,

1982 Haynes et al., 2005 The frequently used SERS substrates are electrodes such as
silver (Ag), gold (Au) and copper (Cu). Interactsobetweenthe laser and substrate
results in the generation of plasmons, which creates an electromagnetic enhanement
the Raman signaBERS was successfully applied on detection of breast cancer genes
(Allain and VaDinh, 2003, diagnosis of oral cancgKah et al., 200), detection of

CTCs in blood samplg$ha et al.2008 and diagnosis of gastric and colorectal cancer

(Feng et al., 20114in et al., 2011p

1.112 Coherent Antistokes Raman Spectroscopy (CARS)
CARS:is atype ofnonlinear spectroscopy, which employs multiple photons to generate

coherent signals, several timdgse magnitudeof spontaneous RS. Single continuous
wave lasers are utilized in RS, in contrast to CARBich employs two pulsed lasers
(Tolles et al., 197 Stokes scattering creates a photon that is similar to fluorescence
emission. It hampers the detection of weaker Raman signals whereagokesi
scatteringovercomes this problenBut it is weaker than stokes scatterifigvo strong
collinear lasers are used for irradiation. Frequency of the first laser is usually constant while
second laser can be tuned create Raman active mode of ifB&BS.signal is generated from
vibrational motionof the molecules in the sampke robust and directed signal is produced with
CARS due to the coherent astokes signal. The combination of CARS with laser scanning

microscopes can provide high spectral images at video time(@teng and Xie, 2004

Recent studiesising acombination of RS and CARS Vmgained attention in the
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biomedical field especially in biomedical imaging of various biological tissues. CARS
has successfully been employed to study pathological brain {Esaes et al., 2007

and lipid profiles of nerve cell membranas well agnyelin organizatior{(Wang et al.,
2009. Furthermore, based on myelin signals, CARS has bekered to examine both

the qualitative and quantitative distribution of grey matter in surrounding brain tissues
(Evans et al., 2007 CARS wasapplied tocolon tissue to investigate tumor features

especially inflammatory margins using imagiigafft et al., 2009

Advantages of CARS:

1. CARS provides very high levels of spontaneous signals (5 10
compared to RS

2. It also generatesspectra with very highresolution which is
equivalent to resolution of monochromatic light

3. It provides molecular structural characterization wittigher
collection efficiency and excellent spatial resolution compared to RS

(Cheng and Xie, 2004

1.11.3 Resonance Raman Spectroscopy (RRS)
Resonance Raman spectroscopy (RRS) utilizes specific excitation wavelengths wh

are close to the U¥isible absorption area. Overlapping of excitation wavelengths with
the UV-visible range can produce higher scatigrintensities,sometimes6 times
higher than normal RS. This phenomenon is known as Resonance Raman effect and
optimum resonance depends on choosingthe appropriate laser excitations
corresponding to resonance conditions. Due to excitation coincidences, RRS show
high florescence compared to R®obert, 2008 RRS was applied to normal and

breast cancer cells to investiggtein andnucleic acid changerazdi et al., 199p
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anddetection ofdifferent grades of brain cancer from normal meningeal tis&lesu

et al., 2012

Summary of Raman systems:

Stimulated Raman system

CARS system

Resonance Raman system

SERS

1

Non-linear phenomena in Raman signal

Pulsed lasers with 20//cm and improved signal
to-noise ratio

4-5 orders of magnitude enhancement compe
to the spontaneous Raman scattering

Two strong collinear lasers used for irradiation
Two coherent laser beams and resulting sic
with Anti-stokes frequenc

Frequency of the first laser is usually constant
second one can be tuned to create Raman a
mode of interest

Excitation laser frequency crosses electro
excited states of samples and resulted i
resonance

solvedproblems in usage in UV lasers in Ram
spectroscopy

3-6 orders of magnitude of intensity

Certain metal surfaces (silver or gold colloic
with 5-6 orders of magnitude

Chemical enhancement followed k
electromagnetic enhancement

SERS attached fibreptic probe (tipenhanced

Raman) applied i vivoinvestigations
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1.12Chemometrics
Chemometrics, also known as multivariate data analysis, was first coined by Svante

Wold in 1971.The use of kemometrics enables the extraction of complex information
from chemical systems. It uses different disciplines such as applied mathematics,
statistics and information science to extract crucial chemical inform@g@isawa et al.,

2002. This can be achieved itwo stages. In the first stage, chemical information is
extracted as concentrations from spectral regions and in the second stage, these
concentration profiles are compared using supervised and unsupervised algorithms to
extract covariance factors thaight help inunderstanding tissue patholo@@sawa et

al., 2002. This form of multivariate data analysis is divided into two classes i.e.
unsupervised and supervised algorithms.

1.13Unsupervisedalgorithms

These algorithms are used to separate spectral data into groups based on systematic
variation. Complex information is extracted from data sets and is commonly known as
principal components (PCs) and each PC represents the linear combinatiannad o
spectral data components and these are orthogonal to each other. The most commonly
used unsupervised algorithms in Raman based cancers studies are Principal component

analysis (PCA) and Cluster analysis (¢&nafft et al., 2009k

1.13.1Principal Component Analysis (PCA)
As described earlier, this approaish performed on spectral data without any prior

knowledge. Spectral data is converted into two matrices and are commonly known as
PCs or scores. These s@e demonstrating the higheshount of variation. These

are described as PG PG2 and PG3 andso on. PCL shows highesamount of
variation and P& shows second higheamount of variation and so on. As the PC
score increases the amount of variation decreases and latter PCs exhibits higher noise

levels. PCA was used to separate normal and did¢igsees irbreast{Chowdary et al.,
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2000), lung (Magee et al., 20Q9oral (Malini et al., 20068 gastric (Bergholt etal.,

2011b and colon(Molckovsky et al., 200B8cancers

1.13.2Cluster Analysis (CA)
Cluster analysis is another example of an unsupervised approach and it divides data in

to subsets based on iaions. The aim of this approach is to enhance the degree of
variation between clusters and reduce the degree of variation within each cluster. The
amount of variation is defined as distance mea@drafft et al., 2009%: There are two

types of cluster analysis approachase is hierarchical cluster analysis (HCA) and the
other is kmean cluster alysis. HCA algorithm evaluates pairwise similarity from
number of spectrén) in order to calculatéghe symmaeaic distance matrixThis can be
achieved in two stepdn the fird step, it investigagethe minimum distance from all
spectra and extracts two similar spectra as a first cluster and then recalculates spectral
differences between all remaining spectra and the first cligtersecond step involves
searching for furthesimilarity between remaining spectra or clusters and this process
reiterates (¥l times) to form a single cluster. This results in the formation of a 2D
dendrogram, which corresponds to the lessening of clusters on one axis and respective
spectral distares on the other axis. HCA can be divided into four groups based on the
way in which the distance between clusters is measured. They aresidA@A linkage
(nearest samples), HGomplete linkage (farthest samples), H@#erage linkage
(between nearest anl ar t hest) and war dos met hod (
heterogeneity within each clustéKrafft et al., 2009¢cBeebe and Kowalski, 1987
1.14Supervised algorithms

These algorithms use training setgh reference data with prior knowledge of groups
contained withirto testnew, unlabelleddatasets. Initially few specteae used tdrain a

model with defined classes. The class membershipuofabelled spectra arthen

predicted based on their praxity to each defined class in the training modéle most
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commonly used supervised algorithms in Raman studies are linear discriminant analysis

(LDA) and kmeans cluster analyqiKrafft et al., 2009¥.

1.14.1Linear Discriminant Analysis (LDA)
LDA is arguably the most popular supervised chemometric tool used for spectroscopic

studies. It utilizes information to estimate linear discriminant functions that optimally
differentiate k classes. LDA uses this information to assign unknown spectra to
predefined classes. Discriminant functions enhance the interclass variance as well as
intraclass variance. The mahalanobis distance is a measurement of common covariance
matrix used in LDA, whereas quadratic discriminant analysis is based on distance
measurd from classspecific covariance matriceRaman associatddDA approach has

been employed in several cancstudies to classify disease from normal tissues types
(Kamemoto et al., 201@shima et al., 201Q.i et al., 2012 Feng et al., 2011b/u et

al., 2006 Talari et al., 2015a

1.14.2K-means cluster analysis
In K-means clustering, the whole data sets are divided into k nwhisters and then

indiscriminate selection of centroids. Each spectrum of cluster is allocated to the nearby
centroid. New centroids are then calculated and new assignments are made. This
process repeats until the cluster resolution achievecheBns prodees an averaged
spectrum for each cluster together with a class membership rii&daiftt et al., 2009F.

Most Raman studies involve ankean cluster analysis approach based on -PCA
transformed Raman data séeipp et al., 2003 o | j enovi |, Drauxetal] . ,

2009 Vogler et al., 201

1.15 Raman spectroscopy in Biological Tissues

1.15.1 Cervical cancer
In this study, near infrared Raman spectroscopy was used as molecular marker

detective to discriminate between normal and invasive cervical cdasae samples.
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This study has concentrated on the final stage of invasive carcinoma and collected 14
tissue samples from four healthy individuals with no cervical cancer record and three
patients with cervical squamous cell carcinoma. The wavelengdtiedaser used was
785nm to excite both normal and cancer cells. Several prominent bands were reported
in the normal squamous cells suchda€CCH) aliphatic of collagen (816nt %), ring
breathing in yr & CCH deformation (854 chi), C-C stretch (922 chl), C-C skeletal

stretch (938 cfrl), phenylalanine & €H in-plane bending (1003 drf), O-P-O
backbone stretch of DNA (1101 &y amide 1l (1247 ciit), d (C=CH) (1273 crh),

CH, deformation of lipids (1321, 1450 &), DNA (1342 cmi) and amide | (1664

cm ). The outcome of this work has shown two specific differences between normal
and malignant cells. Dominant Raman bands at 775 to 975amd the amide Il at

1248 cm! were present only in normal cell. This investigation has also revealed-that C

H streching mode at 2800 to 3100 this six times lower in the factor in cancer cells
when compared to normal ce{(kamemoto et al., 2030

GonzalezSolis et al appéd Raman spectroscopy along with multivariate approach to
investigate cervical cancer using bibsamples. In this studgerumwas obtainedy

fresh blood samples from 20 patients and 10 healthy volunteers and in total 240 spectra
were collected from these samples. 80 spectra were collected from 10 control patients,
160 spectra from 10 cervical cancer and 10 early cervical cancer patientsarféiCA
LDA were carried after removing the fluorescence contribution, smoothing and
applying the baseline correction. Raman spectra have shown clear evidence in peak
intensities between normal and cervical cancer states. The peaks of phenyl alanine and
[3-carotenes of the cervical spectrum are higher than the peaks of the control spectrum.
This study has also found that peaks of adenine, tryptophan, proline, glutathione, 3 sheet
and phospholipids, Bcarotene were present only in the cancer spectrum, whitieas
peaks of amide Ill was present only in the control spectrum. This study has shown vivid
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chemical variation in the serum samples of healthy and clinically diagnosed patients

(GonzalezSolis et al., 2010

1.15.2 Lung cancer
Oshima et al used Raman spestiopyto demonstrate differences among cultures of

normal and cancerous lung cell lines. Low to medium malignant Adenocarcinoma,
squamous cell carcinoma, high malignant small cell carcinoma and large cell
carcinoma, cell lines were cultured for Raman measurer8argle cell Raman spectra

were obtained by using 532nm excitation wavelength instead of 785 or 633nm. High
quality spectra were obtained at 60 sec/cell without any damage. Raman markers in lung
cancer cell line and their malignancy were to establisthnig study. The spectra has
shown strong band for cycand laser contributed much resonance in the spectra. PCA
was successfully applied and 80% accuracy was achieved in discrimination between
cancer cell lines. Stepise LDA was performed on these cdihes to identify
malignancy type and strain. The cross validation has provided 100% accuracy of
discrimination. The current study has shown potentiality of 532nm laser in Raman
diagnosigOshima et al., 2090

Li et al has employed Surface Enhanced Raman Spectroscopy (SERS) to investigate
peritoneal fluid, so that diagnosis of lung cancer can be possible at early stages. SERS
was performed on saliva samples to detect vibrational features of the lung cancer
pathdogy. Raman spectra of control and cancerous sample have shown p&alis at

cm *(pyrimidine), 906 cm (tyrosing, 1007 cm *(phenylalanine & carbamidie1364

cm !(tryptopha) and 1720 cm*(lipid). The only minute differences such as peak
intensitieswere found between the both spectra. This group has used multivariate
analysis such as PCA to identify majordifferences and LDA to distinguish both

groups. PCA and LDA were successfully employed and 82% total accuracy was
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achieved. This study has showrnomising approach of SERS in detection of lung
cancer(Li et al., 2012.

Raman spectroscopy has been used by Huang et al to chemically characterize different
organs of mice. Thiseview has stated no spectral differences between blood pellet and
whole blood. Oxygen saturation in hemoglobin has enhanced specific bands expression
in the Raman spectra. Lipid and protein related &itl CH vibrations were expressed

in the same regionef the spectra of serum, blood pellet and whole blood. Raman
spectra of adipose tissue have shown much reseneblaitic spectra of palmitic acid
Stomach, colon and intestine has shared many spectral features, only two peaks were
observed from protein arldNA and the remaining peaks were observed from lipid and
protein. The spectra of teeth and bone has expressed calcium band at'¢s@l ¢nhas

been used as marker for detection of calcium phosphate in arthritis paliemtsands
observed in this stly are representing major biological molecules of those particular
organs. Few Raman bands were appeared exclusively in those specific organs such as
1017, 2151 and 2747 ¢hispleen) 876 ci (kidney) and 921 cih(small intestine and
colon)(Huang et al., 2001

Nawaz et al reported that Confocal Raman Migpectroscopy (CRM) has the potential

to analyse the efficacy of chemotherapeutic agent (cisplatin) on A549 adenocarcinoma
cells. The pyvose of this study is to discover chemical changes in cell membrane and
cytoplasm of A549 cells after 96 hours exposure to cisplatin. Multiple spectra were
obtained from different regions of cell (i.e. cell membrane, cytoplasm and nucleus), the
spectral d& was used to analyses the difference in cellular components and peak
changes after Cisplatin treatment, multivariate analysis techniques like PCA (Principal
component analyser), PLSR (Partial Least Square Regression) and PH&ifenck

were used. Thejdentified a band at 726 chthat present in cytoplasm spectrum but

not in nuclear spectrum, this band is assigned to tryptophan apnsti@tthing to lipids.
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Similarly, the Raman band at 1423 'énfaromatic lipids) and band at 1510 'ém
assigned to trypiphan and tyrosine were observed predominately in cell membrane and
cytoplasm spectra rather in nuclear membrane spectra. The result of Cisplatin on the
spectra of cell membrane illustrated the bands related to proteins at 6%hami28

cm * (ring breahing of the tryptophan), 1030 &M(C-H bending), 1094 chiand 1126

cm * (C-N stretching) and 1655 ¢rh(amide 1). The Raman peaks at 1371 tiCH;
stretching) and 1448 ¢rh (CH deformation), related to cell membrane lipids, also
undergo shifts 1371 t0376 cm* and 1488 to 1450 crh They also extracted protein

from control and treated Cisplatin cells, and analysed the spectral differences. They
suggested major changes in the Raman bands include an intensification of thé 904 cm
and 1131 cit (C-C skeletal stretching), 1001 ¢m(phenylalanine), 1061 crh (C-N
stretching), 1131 chi and 639 cit (tyrosine), 961 cit and 1199 cit, 1011 cm’
(tryptophan), 1323 chh and 1404 cit (CH deformation), finally 1606 ch (C=C
bending). PLS Jaekniffing analysis of cell membrane has demonstrated that cisplatin
seems interacting with membrane lipids and causes some changes in their structure.
Jackkniffing results for cytoplasm have suggested that changes in cell physiology in
term of ring breathing of trypphan, RNA and CH bending were observed due to

Cisplatin actionfNawaz et al.201J).

1.15.3 Gastric Cancer
Feng et al reported combination of surf@r#ganced Raman spectroscopy and

multivariate approach to detect gastric cancer in on plasma samples. Raman spectra
were collected from healthy and cancerous samples using gasen. ISpectral
differences between normal and cancerous samples were substantial and reproducible.
Cancerous samples have shown higher intensities at ¥3@DH) of nucleic acids),
1445 @(CH,) of collagen and phospholipids) and 1580”0ft{C=C) of phenylalanine).

Spectral data was further analysed by principal component analysis and Linear
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discriminate analysis. Principal components 1, 2 and 7 have successfully differentiated
cancer from normal groups. This diagnostic approach has rdvealssitivity and

specificity of cancer detection were 79.5% and 91% respec{ikehg et al., 2019b

1.15.4 Brain cancer
Sato et al applied Raman spectroscopy to identify changes at molecular level in live

mice brain tissue. The idea behind this studytoisdetect structural and molecular
differences in live animals in response to different physiological changes. This study
has used neanfrared Raman probe which is made up of ball lens hollow fibres and Ti
sapphire laser. The purpose of this study igdtect protein and lipid alterations, and
water cluster conformation under different conditions namely inhalation of sodium
pentobarbital (SP), diethyl vapour (DE) and after euthanasia. The spectra of SP treated
has shown peaks at 1664, 1446 and 1003'care consigned phenylalanine
respectively. The spectra of DE treated have shown peaks at 2846, 2881, and'2928 cm
are associated to the CH stretching vibrations of the protein and lipid groups. The peak
at 3453 cm associated to water cluster and it #ignthat the variation in
conformational clusters due to the inhalation of DE. The intensity of the water band has
decreased approximately 8% in the spectrum obtained after euthanasia. Fetal analysis
of the animal has revealed high concentration of watéhe olfactory lobes and low
concentration of water in the frontal cortex. This study has provided new insight for
Raman approach to carry further analysis in conscious an(8ets et al., 2009

Kirsch et al reported that Raman imaging could be used to investigateentbral
tumours in brain metastasiEx vivo brain tissues were analysed to examine cerebral
pathology throgh Raman mapping. Spectra of normal tissue has shown peaks at 2933
cm ! is associated with (CHand CH vibrations) and 3245 crh (O-H vibrations of
water). Other prominent functional groups appeared in the spectra were phenylalanine,

CH,/CHz deformationsamide | and fatty acid vibrations. The fingerprint region also
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possesses peaks related to oxygenated haemoglobin at 750, 1002, 1212, 1546, 1605 and
1619 cm'. Raman spectra of the tumour have demonstrated melanin peaks at 597,
976, 1404 and 1595 ¢m This study has signified the importance of melanin as
molecular marker for future studies in brain metastases. Hence further development in
the fibre probe research can increase the prospect of Raman spectroscopy as a

diagnostic method to detect metastasigarious organs of miggirsch et al., 201D

1.15.5 Skin cancer
Larraonapuy et al has employed Raman microspectroscopy (RMS) in order to access

its accuracy in detection and imaging basal cell carcinoma (BCC). This automated
evaluation was carried out on skin tissues excised during normal and Mohs
micrographic skin sgery. The approach has developed a database from various tissue
sections from twenty different patients and it was used to construct the multivariate
classification model. The spectra were categorized into BCC, dermis or epidermis and
collagen type | spéal features has mainly contributed to differentiate between the
dermis and BCC. On the other hand DNA peaks provided evidence in discriminating
BCC from epidermis. Healthy dermis was characterised by proline aDd&kbone
vibrations of proteins. Thistudy has shown high sensitivity and specificity in the
discrimination of normal healthy tissue from BCC. Moreover, this approach has
developed 2 dimensional biochemical images by using supervised models, which
further supported a strong correlation whilstopathological detectiofLarraonaPuy et

al., 2009.

Cartaxo et al reported FRaman spectroscopy could be used to differentiate cutaneous
melanoma from pigmented nevus. Spectral measurements were taken from normal,
neoplastic and pigmentatkvi tissues by using Nd:YAG 1064nm laser (resolution 4
cm 1). Before classification, Raman spectra were firstgpoeessed by correcting the

baseline and performing the vector normalization using the Minitab software. The
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model of variance analysis with constant factor was used at first phase, and this
indicated that all variables showed an affiliation with their own group. In the next phase
of the statistical study a discriminating analysis was used, the results of which
demonstrated a significant diffentiation between the three groups under study.
Significant differences were found in the region of 8380 cm'. The bands of 855 and

937 cm* are typical characteristics of the collagen spectrum and are mainly because of
the proline vibration in the ptein structure. The Raman peak shift were observed in
spectra are correspondent to DNAOGs vibra
was observed in primary melanoma. This is because of the increased duplication of
genetic material, responsiblerfthe proliferation of malignant cells. This approach has
shown efficiency of 75% in discrimination among normal, neoplastic and pigmented
nevi groupgCartaxo et al., 2030

Larraonapuy et al further reported that RMS could be used to differentiate hair follicles
from BCC in skin explants during MMS 8gtral differences were observed between
epidermis, BCC and hair follicle. Raman spectral data of hair follicles are very similar
to epidermis, While BCC Raman spectral data was dissimilar and has shown high
amount of DNA. Spectral differences can clealifferential between hair follicles and
BCC. Linear discriminate analysis has detected BCC with specificity and sensitivity of
around 90% and 85% respectively. This study has developed automated images future
diagnosis purposes. Raman images have revéadétchucleic acids were abundant in

hair follicles compared to  epithelial cells and these results have shown greater
correspondence with histological imagearraonaPuy et al., 2011

Konig et al carried out multiphoton autofluorescence/second harmonics generation and
Coherent antBtokes Raman Scattering (CARS) tomography on skin biopsies to detect
biochemical changes, tissue architecture, iitsue cell morphology and accumulation

of various products of pharmaceutical and cosmetic industries. This hybrid tomograph
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has provided valuable information about outer most skin layer. Intracellular lipids of
stratum corneum have bright polygonal patterns and distribution of keratin was also
revealed in this studyn vivo CARS was used to study diffusion pattern of water and oll

on the skin. These studies have found accumulation of oil in peripheral skin and water
content in lipid free areas. CARS was used to distinguish differences betaeeal
healthy skin and psoriasis. This group has noticed that healthy corneocytes were
enclosed by greater lipid intensities whereas pathological skin lacked such structures

(Konig et al., 201}

1.15.6 Oral cancer
A Fourier transform nearinfrared (FFNIR) Raman spectroscopy was used to

differentiate between normaind different oral cell carcinomas. Normal oral mucosa
was acquired from SCC patients and were characterised into groups by pathologist.
Raman spectra were recorded by using Nd : YAG laser (1064 nm, resolution 698 cm
Raman spectra of SCC have showarious molecular vibrations such as amide |
phenylalanine, tyrosine, GHvibrations, GC skeletal stretching, -8 stretching.
Support Vector Machine was applied to develop new model for discrimination and this
model was successfully separated SCC from abnmucosa with greater efficiency
compared to normal and OLK. Proliferation rate and biochemistry were similar in both
normal and OLK cells. Hence low efficiency discrimination was noted by multivariate
approach. Therefore, combination of Raman and dataingni approaches has
demonstrated potentiality in oral cancer detection. Moreover, investigation offered real
time and label free diagnostic approach for detection of different oral cérncetrsl.,

201Q Madhavi et al., 2012

Su et al applied Raman confocal micro spectroscopy to detect biochemical variations
between normal and malignant oral tissues and normal and oral squamous cell

carcinoma. Spectral profiles of normal and malignaaveh shown many marked
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differences and multiple Raman markers were identified in this study. These markers
were mainly associated with DNA and protein vibrational features to distinguish
between normal and cancerous one. The advantage of unsupervisethralgerio
extract spectral differences in the form of principal components and these new scores
will represent highest variation in the data. The most pronounced differences in the
Raman spectra were appeared in the region of 700 to 1800 Normal tisses has
shown Raman bands at 756 and 1546'‘crmorresponding to tryptophan and
Phenylalanine at 1004 ¢fiwas observed both in normal and malignant. The malignant
tissue display Raman bands at 1341 and 1655, amhich corresponds to purines of
DNA and amde | of protein respectively. The essential findings of this work have
proven that Raman spectroscopy offers enormous potential to distinguish normal and

malignant lesions and it can assist histopathologists in greaiSieat al., 201

1.15.7Leukaemia
Neugebauer et al reported that Raman imaging could be used to detection and

differentiation of circulating tumour cells (CTC) from peripheral blood. CTCs play
important role in tumour diagnosis and these can be used as molecular markers for
tumour therapdic studies. The purpose of this investigation is to detect leukocytes,
myeloid leukaemiacells and solid tumour cells by using combination of Raman
spectroscopy and statistical approaches. Spectra were taken from dry cell pellet using
785 nm laser (resotion 4 cm). General features of CTCs Raman spectra looked alike
but leukocytes have shown higher intensities. Negative differences were observed due
to high amount of DNA, lipids and proteins of cancer cells. Unsupervised statistical
method such as HCAvas employed on fingerprint region of the spectra and the
resultant dendrogram has well separated leukocytes from other cell types. PCA studies
were further supported HCA clustering results. Supervised approach such as SVM

model was classified the cellsitiv greater accuracy of approximately 98%. This
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pioneering research could assist future studies in cancer detection as well as progression

(Neugebauer et al., 2010

1.15.8 Bladder cancer
Shapiro et al has employed Raman microscope to detect urothelial carcinoma

commonly known as bladder cancer (BCa) from normal epithelial cells ofcided

urine. Previous studies have attempted to discriminate BCa from normal bladder tissue
by using Raman spectroscopy. Raman spectra were obtained normal and cancerous
tissues by using 532nm visible laser. A distinct peak at 1584 was observed in
madignant tissue and it was absent in normal tissues. This group has developed a model
based on peak height (1584 '&rof normalized spectrum and used set of thresholds of
the height to classify healthy, low and high grade cancers. Raman molecular imaging
(RMI) yields a 92% of sensitivity and 91% of specificity for detecting BCa. This study
has shown high accuracy in differentiating {gvade tumours from higgrade tumours
(Shapiro et al., 2011

A summary of important Raman spectroscopic investigations in biologgsaistwere
summarised in Table. 6

Table6: Raman spectroscopitiagnostic applications in various cancers.

Disease Raman Biological tissue/ Results Ref
Approach
sample
Raman Healthy and Lipid content and (Koehler et
Spectroscopy cancerous porcini lipid composition has al., 2009
tissues differentiated  from

normal to cana®us

Raman  micre Epithelial layers Collagen , glycoger (Keller et
spectroscopy of normal and and DNA peaks wer al., 2008
cervical biopsies differed and

diagnostic accurac
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was nearly 100%

Near infrared Normal, Disease classificatiol (Huang et
Raman malignant tissue¢is based on lipids al., 2005
spectroscopy including nucleic acids anc

squamous cel aromatic aminc

carcinoma (SCC acids. Malignant

and tissue have show

adenocarcinoma high nucleic acid anc
aromatic amino acic
content and low ir
phospholipid anc
collagen based amin
acid content

compared to norme

tissue
Surface Enhance Saliva  samples Normal and (Li et al,
Raman from normal and cancerous  sample 2011

Spectroscopy an' cancerous patient have shown ban

chemometrics intensity differences

approach such a in pyrimidine bases

PCA and LDA tyrosine, tryptophar
and lipids.
Multivariate

approach has show

disease accuracy (

82%
Near infrared Normal and Sensitivity, (Kawabata
multichannel surgically specificity and et al.,
Raman resected sample overall accuracy o 2011J)

spectroscopy an from cancerous diagnostic algorithrr
chemometrics lesions is 95%, 100% anc
98%, respectively.
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Approach will be
helpful to clinicians
in endoscopic

submucosa surgery

Raman Frozen normal Biochemical (Shetty et
Spectroscopy and oesophage: components such ¢ al., 200§
biopsies lipids, glycogen anc
nucleic acid conten
were differed from

normal to cancerous

Potential for real

time diagnosis

SERS and PCA & Normal and Collagen, (Feng et
LDA tumour blood phenylalanine  anc al., 2011ph
plasma phospholipids  were

higher in cancerou

than normal plasma

Diagnostic accurac
in terms of sensitivity
and specificity is 79.%
and 91%,

respectively

1.16 Raman Spectroscopy in Breast Cancer Research
Raman spectroscopy has been a successfully applied in breast cancer research. Initially

Raman was employed to identify biochemical fingerpof human breast biopsies.
Near Infrared (IR) lasers successfully recognized major molecular components such as
lipids including oleic acid and its derivative fatty acids. Visible lasers provided
information on carotenoid@rank et al., 1994 Raman was subsequently applied to

differentiate normal breast from infiltrating ductal carcinoma. Significant and

41



reproducible Raman shifts were observed between normal and cancaropkes,
associated with both fatty acids and protéfsnk et al., 1995eFurthermore, neadR

Raman studies identified biochemical components such as amide |, amide I,
phospholipids, proteins and phenylalanine and consistent peak shifts were observed
between the normal and cancerous tisqi@noharan et al., 1998

Haka et al has reported Raman to detect different grades of breast cancer by using
qualitative and quantitative chemical informatiothis approach has used
microspectroscopic model, which is built upon nine basic components of breast tissue.
Modelling method has exactly mimicked the breast tissue and these models were used
to predict and characterize the disease status of the brepstebioThis study has
established correlation between biochemical position and disease aggressiveness
They developed a diagnostic algorithm and it is specific for pathological diagnosis with
94% sensitivity and 96% specificitiaka et al., 2005

Rehman et al employed Raman spectroscopy to identify chemical shamgeictal
carcinoma in situ and invasive carcinoma. This study has aimed to differentiate different
cancer stages in these two carcinomas. Tissue biopsies were analysed using 786 nm
laser with spectral resolution of 4 @mSpectral differences were obsed in the
fingerprint region of normal and the two carcinomas. Spectral features of carcinoma
biopsies have shown clear shift towards proteins and backwards to lipids and
triacylglycerides. This is typical picture of cancer progression in malignanesissu
Different stages of IDC have shown spectral differences in terms of lipids, protein and
nucleic acid composition. Different grades of DCIS have shown spectral variations in
asymmetric and symmetric vibrations of lipids at high frequency region and
phoghodiester vibrations in fingerprint region. This study has provided unique

snapshot of chemical fingerprint of different grades of carcin@tgaman et al., 2007
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Haka et al has investigated-vitro freshfrozen tissues of different types of breast
carcinoma by using Raman spectroscopy. These tissue samples were collected from
different sites of different patients. Raman spectra were recarsiad 830nm laser

with resolution of 8 cil. In order to extract information from the Raman spectra a
spectroscopic model was employed. The modelling approach has involved fit
coefficients, which resemble chemical composition of the disease. The m&sthis
approach have shown much similarity with pathological diagnosis. The resulting
diagnostic algorithm which classifies tissues not even as benign or malignant, but also
according to pathological diagnosis has attained sensitivity of 94%, a spegaficit
96%, and a total test efficiency of 95% for the diagnosis of cancer. Furthermore, their
results seemed similar taaditional histopathologyHaka et al., 2009

Saha et al applied Raman spectroscopy to identify microcalcifications based on calcium
deposits present in the breast cell. Raman spectra were acquired from tissue samples
collected through core biopsy method.llGlar components such as calcium, fat and
collagen were used to develop new algorithm to identify calcifications. The spectra of
breast biopsies have shown Raman peaks at 912ard 1477 it (calcium oxalate)

and 960 ch' (calcium hydroxyapatite). Thigroup has detected calcium deposits at the
depth of up to 2.15 mm depth in the tissue biopsies. This algorithm has shown positive
and negative predicted value of 85 % and sensitivity of 86% for detection of
microcalcifications. This study has identifiedcnocalcifications and discriminated type

I microcalcifications from type I{(Saha et al., 20}1

Abramczyk et al has used Raman imaging to discriminate normal from cancerous breast
tissue. The main aim of this study is not only to avoid histological studies based on
biopsies, which are often prone to subjective interpretations, but also to understand
chemical properties of the tissue. Optical fibres coupled catheters to-Raoran

spectrometer has been used in this study. This Raman images have shown clear
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differences in carotenoids and fatty acid composition. These images have also revealed
the differences between metabolic products of cancerous tissue and its surroundings.
Spectral data has confirmed that rmancerous tissue is almost identical to
monosaturated oleic acid, which is common component of triglycerides and adipose
tissue, whereas camoeis tissue is likely to be dominated by arachidonic acid
derivatives mainly cyclic eicosanoids catalyzed by cyclooxygenase. This study has
suggested potential role of carotenoids and lipids in breast cancer defabtiamczyk

et al., 2011Abramczyk et al., 2012

A summary of important Raman spectroscopic investigations in breast cancer research
were summarised in Table 7.

Table7: Brief summary of Raman spectroscopy application in breast cancer diagnosis

S.No Raman Approach Biological tissue/  Results Ref
sample
NearlR Raman Human normal Major molecular (Frank et
spectroscopy breast tissue components of breas al., 1994)
specimens such as lipids including

oleic acid and its
derivative fatty acids

identified. Visible
lasers providec
information on
carotenoids
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Raman
Spectroscopy &
multivariate
approach such a

logistic regression

NearIR Raman
spectroscopy
Portable optical

fiore probe with

Excisional brea:

biopsies includin
normal, fibrocysti
, fibroadenoma ar

IDC breastissues

Breast

Diagnostic
algorithm has
successfully

differentiated

normal and benigr
tissues from
cancerous tissue
with sensitivity and
specificity of 94 %
and 96%,

respectively

(Haka et al.,
2009

tissue Different stages of IDC (Rehman et

samples of DCIS have shown spectré al., 2007)

and IDC

Fresh stereotacti

breast needle
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differences in terms o
major molecular

components

Different
DCIS
s9pectral variations i

grades of

have showr
asymmetric anc
symmetricvibrations of

lipids at high frequency

region and
phosphodiester
vibrations in fingerprint
region

Detection of

microcalcifications

(Saha et al.
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830nm diode laser biopsies (typel and 2) in breas 2011)
tissue based on the

chemical composition

Raman Ductal and lobular Raman images hav (Abramczyk
spectrometer witl carcinoma biopsies provided difference et al., 2011)
Nd:YAG 532 nm between metabolic
and 488, 514 nn products of cancerou
lasers tissue and its

surroundings
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Chapter 2

Aim and Objectives
1. Identification of chemical differences associated with different breast cancer cell lines

using Raman spectroscopy

Human normal and breast cancer cell lines (MMRB-436 (ERPR), MCF 10A (non
malignant) and MCF (ER’)) were culturedtrypsinizedand Agar cell plugs were
made and fixed in formalin followed by paraffin wax embedding.

Cell sections weranalysedising Thermo Nicolet DXR Raman system equipped with a
532nm laser at 4ct resolution and further analysed by both supervised and
unsupervisedlgorithms

2. Analysis of 2D and 3D models of breast cancer cell line (T47D) using combination of
Raman Spectroscopy and Chemometrics

Human breast cancer cells (T47 D) were grown on 1.5% agarose coated 96 well plates
and change media once im3lays untiR1 days.

Spheroids weranalysedusing Thermo Nicolet DXR Raman system equipped with a
532nm laser at 4ciresolutions and further analysed by using multivariate approach.

3. Raman spectroscopic analysis of hurddferent breastancer subtype biopsies

TMA slide

Human different breast cancer biopsies (0.6 mm in diameter in size) were fixed in
formalin followed by paraffin wax embedding) & were-waxed and sections of each
biopsy were cut using microtome

Cell sections weranalysedising Thermo Nica@t DXR Raman system equipped with a
532nm laser at 4cfhresolution

Spectraweranalyseds si ng 6 The Unscrambler (Multiva
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Chapter 3

Materials and Methods

3.1 Raman Analysis of Breast Cancer Cell lines

3.1.1 Materials
1. Dul beccobs modified- Eagle Medi um ( DME]

It was purchased from Gibco, Invitrogen, Paisley, UK and it contains 4500 mg/mi
glucose GlutaMAX TM and sodium pyruvate

2. HAMG6S nutrient mix F12
It was purchased from Gibco, Invitrogen, Paisley, UK and supplemenithd L-
glutamine and sodium bicarbonate.

3. RPMI 1640 media

4. Horse serum (Gibco, Invitrogen, Paisley, UK),

5. Fetal bovine serum (FBS) (Gibco, Invitrogen, Paisley, UK)

6. Penicillin and Streptomycin (Gibco, Invitrogen, Paisley, UK),

7. Cholera toxin (Calbiochem),

8. Insulin (Sigma),

o

. Epidermal Growth Factor (EGF) (Sigma),
10.Fungizone
11.Trypsin (Invitrogen life technologies)
12.Hydrocortisol (Sigma)
13. Dimethyl sulfoxide (DMSO) (Gibco, BRL. Pasiley, UK)
14.T75 flasks & plastic ware
All plastic ware were supplied by Nunc, Therm8cientific, Loughborough,
Leicestershire, UK.
DMEM provides nutrients for cells and it constitute basal medium, four folds of amino

acids (Serine and Glycine), ferric nitra
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provides nutrients for cells. It wagitially developed to support growth of several
clones of CHO (hamster cell lines) and HelLa cell lines. RPMI 1640 media was
developed by Moore (Rosewell Park Memorial Institute). It is a combination of
bicarbonate buffering system and amino acids. Pen@tleptomycin prevent bacterial
contamination from both gram negative and positive bacteria. Cholera toxin increases
CAMP levels in cultured cells, which in turn promotes growth. Insulin will bind insulin
receptor on cells and increases cell proliferati-ungizone is used to prevent
contamination of cell cultures from yeast and multicellular fungi. Trypsin/EDTA
provides Mg2+ and Ca2+ ions in media and these ions act as chelators. Hydrocortisol is
steroid and it promotes cell growth and proliferationut&ine is used in protein

metabolism, while DMSO is used in cryopreservation.

3.1.2 Breast Cancer Cell Lines
There are three cell lines were used in this experiment. Two breast cancer cell lines

(MCF-7, and MDAMB-436) and one normal breast cell line (MCEA) were used
and the cell lines were purchased from American Type Culture Collection (ATCC,
Manassas, VA, USA)The brief description of these t&hes was mentioned ifiable

8.
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Table8: Breast cancer cell lines.

Cell line Tissue origin Receptors Source
expressed
MCF-10A Mammary gland of  Non tumorigenic anc American Type
(Catalog No:  human breast EGF positive Culture Collection
CRL- (ATCC) VA, USA
10317")
MCF-7 Breast Estrogen receptor American Type
(Catalog No:  adenocarcinoma positive Culture Collection
HTB-22™) (from metastatic site) (ATCC) VA, USA
MDA -MB-436 Breast Tumorigenic and American Type
(Catalog No:  adenocarcinoma triple negative (ER  Culture Collection
HTB-132™) PR) subtype (ATCC) VA, USA
3.1.3MCF10A

The MCF-10A line was isolated from the breast tissue of ay86r old female with
fibrocystic disease. It was established by culturing in serum free media with low
calcium concentration. It is of netumorigenic epithelial origin and expresses receptors
for epidermal gowth factor (EGF). MCFLOA are described as normal breast epithelial
cell line because of thedliploid karyotype and dependent on growth factors for their
proliferation. This cell lineexpresses breast specific antigens such as cytokeratins,
sialomucins ad milk fat globules and they were detected by-6l@nd MFA breast
monoclonal antibodies. MCEOA has shown 3D growth in collagen and laminins
mixture and display domes in confluent cultures, which are similar to acini of human
breast.

There are three tgs of media used for MCEOA cell line, namely;

1. Growth media
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2. Resuspension media
3. Freezing media

Table9: Growth media of MCHLOA.

DMEM/F12 89% 4°C
Horse serum 10% -20°C
EGF (100mg/ml) 5 ng/ml -20°C
Penicillin/Streptomycin 100 i.u/ml of each -20°C
Hydrocortisol 4 ng/ml 4°C
Insulin (10mg/ml) 5 pg/ml 4°C
Cholera toxin (1mg/ml) 8.47 ng/ml 4°C

Tablel10: Resuspension media of MABA.

DMEM/F12 89% 4°C
Horse serum 10% -20°C
Penicillin/Streptomycin 100 i.u/ml of each -20°C
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Tablell: Freezing media of MGEOA.

DMEM/F12 89% 4°C
Horse serum 10% -20°C
Fetal bovine serum 10% -20°C
EGF (100 mg/ml) 5 ng/ml -20°C
Penicillin/Streptomycin 100 i.u/ml of each -20°C
Hydrocortisol 4 ng/ml 4°C
Insulin (10mg/ml) 5 pg/ml 4°C
Cholera toxin (1mg/ml) 8.47 ng/ml 4°C
DMSO

3.1.4MCF7

The MCF7 cell line wa isolated from the metastatic siteao63yearold female with

breast adenocarcinoma. It expresses estrogen receptors.
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Tablel2 Media components of MGF cell line.

Media Component Final concentration Storage
RPMI 89% 4°C
Fetal serum 10% -20°C
Penicillin 100 i.u/ml -20°C
Streptomycin 100 i.u/ml -20°C
L-Glutamine 2mM -20°C
Amphotericin 0.625 pg/ml -20°C

3.1.5MDA-MB-436
The MDA-MB-436 cell line was isolatefilom the breast tissue of a-ygarold female

with metastatic adenocarcinoma. It expresses EGF and transforming growth factor alpha
(TGF alpha) receptors and is considered to reflect the triple negativegRubtype

of breast cancer.

3.2 Methods

3.2.1 Culturing of Breast Cancer Cell Lines
The total cell culture work of this section was carried in laminar flow hoods of Sheffield

medical school under appropriate aseptic conditions. fl@A cell was grown in a 1:1

mi xture of Dul beMedidbsm moRIME M)e da rEch gHAMG S r
(Invitrogen), 5% horse serum (Invitrogen), 100 IU/ml penicillin, 100 1U/ml
streptomycin (lnvitrogen), 100n/ ml chol e
20ng/ml EGF (Sigma) and 0.5mg/ml hydrocortisol. MCF d &anDA-MB-436 cell

lines were grown in RPMI media, 5% fetal calf serum, 2miglitamine, 100 1U/ml
penicillin, 100 1 U/ ml streptomyci(halaf | nv i

et al., 2015a The three cell lines were grown as monolayers in T75 tissue culture flasks
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and kept m incubators at 3T in a humidified atmosphere with 5% CO2. Until 70%
confluence, Cell culture medium was changed eve3ydays and subculturing required

for these cell lines. The three cell lines, which were used in the experiments, were
between celpassage 5 and 19 cqlhssage describes the number of times the cell were

split to grow under cell culture conditions for extended time periods.

3.2.2 Subculturing of MGEOA, MCF and MDAMB-436 cells
Subculturing by definition is transfer of some cdlism a previous culture to fresh

growth media for the aim of prolonged life and the cell number expansion. This
procedure involves discarding the culture media freifbTissue culture flasks, which

has 7080% confluence and briefly rinse the cell layenshwBS. 1ml of 1X trypsin

EDTA solution was added to flasks and kept flasks &€ 3@ incubators for 5 minutes.
Flasks were observed under inverted light microscope to observe detachment of cells
from flask. 9 ml of growth media was added to each flasd &ansferred cell
suspension to centrifuge tube and spin at 100Xg for 5 minutes. Supernatant was
discarded and resuspend the cells with fresh growth medium and disperse cell

suspension aliquots to new tissue culture flasks with the ratio of 1:3 to 1:4.

3.2.3 Preparation of Agar Plugs
Once cells reached #&D% confluence, cells were washed with phosphate buffer saline

(PBS) and the cells were trypsinized to make viable, large pellets with a good number
of cells for spectroscopic studies that would beasgntative of large cell clusters. Cell
pellets were resuspended with PBS followed by the addition of liquid agarose. Agar
plugs were fixed in 3.7% formaldehyde for room temperature for at least 24 hours

before histological processir{galari et al., 2015a

54



3.2.4 HistologicaProcessing of Agar Plugs
Histological processing including paraffin wax embedding was carried out using a Leica

TP1020 benchtop processor (Leica Microsystems, Milton Keynes, UK). The steps

involved in histological processing were mentioned in the below Tzble

Table13: Histological processing of agar plugs and steps involved

Station Solution Time Vacuum
I 10% formalin 120 No
Il 70% ethanol 120 No
Il 70% ethanol 120 No
\Y 95% ethanol 120 No
\Y 95% ethanol 120 No
VI 100% ethanol 120 No
Vi 100% ethanol 120 No
VII Xylene 120 No
IX Xylene 120 No
X Paraffin wax at 52C 120 Yes
Xl Paraffin wax at 52C 120 Yes

22 hours +15 min

drain time
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Once processing has done, Agar plugs were embedded using Leica EG1160 embedding
unit, dispenser and hglate (Leica microsystems, Milton Keynes UKlalari et al.,

20153.

3.2.5 Raman sample preparation
Hi st ol ogi cal sections of each <cell i ne,

Microsystems, Milton Keynes, UK). Each section was mounted onto a glass slide and
firmly fixed. De-waxing was dagieved using Xylene treatment for 30 minutes, 50%

alcohol for 5 minutes, 70 % alcohol for 5 minutes and 100% alcohol for 5 minutes. The
aim of Xylene treatment is to remove the wax from the sample and alcohol treatment

rehydrates the samp(€alari et al., 2015a

3.26 Raman Measurements
High quality Raman spectra were collected from cell lines using ainvasive

dispersive micrRaman system dxrE (Thermo Nicolet
Before collecting spectral data from cell lines, the system was ¢aliprated using
polystyrene as standard. The sensitivity in terms of signal to noise ratio of the laser was
1000:1. Laser power of 10mw was focussed on the sample. A 50x long working
distance objective was used and a spectrograph aperture was setitwdsOpimhole.

Spectral collection exposure time was set to 50 seconds with 5 exposures. Twenty
spectra were collected from each cell line over the spectral rang84900cn.
Thermo Nicolet OMNICE soft war gTalaraes al..e mp | ¢

20153.

3.2.7 Data Processg and analysis
Spectral range were analyze between-8800 cm*. Three cell lines were examined

using DXR Raman confocal microscope. A total of 270 spectra were collected for this
study (MCF10 A = 90, MDAMB-436 = 90 and MCH = 90). A mean spectrum of

each cell line was collected for comparison studies. Base line corrections and smoothing
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was accomplished using OMNIC Atli¥ software of Thermo Scientific, Madison, WI,

USA)

Data analysis was performed using Unscrambler X 10.2software (Camo software, Os
Norway). Multivariate approach was used to quantitative and qualitative analysis of
different spectral regions. Quantitative analysis includes peak intensity of lipids, amide |
and amide Ill. Both unsupervised and supervised approaches were usedanalydis.
Principal component analysis (PCA) was performed on full spectral range-28800
cm), fingerprint range (180800 cm'), lipids region (3102680 cnt), amide | (1800

1530 cmt') and amide 111 (138190 cm).

Linear discrimination analysis (LDA) was applied on classification and prediction

accuracy. LDA model was setup over full spectral range. Spectral processing for all
LDA models were baseline correction and unit vector normalization. Five samples
from eat group were left out at each pass until total number of 20 spectra of each cell

line predicted (Table 14).

Tablel14: LDA model set up for three breast cell line models.

Cell line Number of spectra used Number of spectra

in LDA model at each unknown at each pass

pass
MCF-7 35 5
MCF-10 A 35 5
MDA -MB -436 20 5
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Diagnostic test evaluation is represented in sensitivity and specificity. Sensitivity of this
model is calculated using correctly classified false positive, false negative and true

negative. Formulas used for calculation of sensitivity and specificity are

True positive

Sensitivity =--- A — -

True positive #alse negative

True negative

SPECIfICIty =-----mmmmmmm oo

False positive- True negative

3.3 Raman Analysisf 3D Spheroids

Initially MCF-7, MDA-MB-436 and MCF7 cell lines were used for spheroid cultures.
None of these cell lines have grown to spheroids until 14 daysDrcell line was

chosen for spheroid culture and spheroids were cultured until 14 dagssiudly.

3.3.1 Cell Line
T-47D epithelial cell line was purchased from American Type Culture Collection

(ATCC, Manassas, VA, USA). This cell line was isolated from the breast tissue of a 54
year old female with infiltrating ductal carcinoma diseaseeXpresses both receptors

for estrogen and progesterone-471D cell line was cultured in RPMI media
(Invitrogen), 5% fetal calf serum (Invitrogen), 2mMglutamine (Invitrogen), 100

IU/ml penicillin (Invitrogen), 100 1U/ml streptomycin (Invitrogen) a®d. 6 251 0¢€ g/ r
amphotericin (Invitrogen). This cell line was grown as monolayers in T75 tissue culture
flasks and kept in incubators at°87in a humidified atmosphere with 5% gQUntil

70% confluence, Cell culture medium was changed evedydays and sulodturing

was done using 1X Trypsin EDTA solution.
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3.3.2 Culture of Spheroids
T-47D tumourcell spheroids were made using liquid overlay method (Offner et al

1993). 1.5 % Agarose (Electrophoresis grade Invitrogen) solution was prepared using
RPMI media (vithout FCS) and heated in a microwave until it dissolved. Using a
Varipipette (Eppendorf), agarose was aliquot into a 96 well plate Mighi/well and

left 30 minutes to cool and set. Cells were trypsinized ff@80% confluence T75
flasks and seededtmwells at concentration @000 cells /2061 / well. Cells were fed

with fresh medium using mutihannel pipette and carefully removed old medium until

14 days.

3.3.3 Histology of Spheroids
After 14 days T-47D spheroids were washed with PBRldixed in 3.7% formaldehyde

at room temperature for a minimum @4 hours before histological processing.
Histological processing, sample preparation, Raman measurements and data processing
were kept constant throughout this project as mentioned in segtioto 3.4, unless

otherwise stated.

3.3.4 Chemometric Analysis
Chemometric methods such as PCA and Cluster Analysis (CA) were used in this study.

PCA was performed on higlvavenumber region (32e®600 cnit), finger print region
(1800600 cm'), amidel region (18001510 cm'), amide Il region (1510390 cnT),
amide Il region (1391140 cnT) and nucleic acid region (988D0 cm’). CA was
performed on higwav enumber , ami de I and nucl ei ¢

method squared Euclidean distance.

Linear discrimimmtion analysis (LDA) was employesh classification and prediction
accuracy. LDA model was setup over full spectral range. Spectral processing for all

LDA models were baseline correction and unit vector normalizattour or Five
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samplesfom each group were left out at each pass until total nuofld&d spectra of

each spheroid regigoredicted (Table 15

Tablel15: LDA model set up for three regions B4 7D models

Number of spectra Number of spectra

used in LDA model unknown at each pass

at each pass

Normal proliferating 20 40r5
region

Hypoxic region 19 4o0r5
Necrotic region 21 4o0r5

3.4 Raman Analysis of breast cancer biopsies

3.4.1 Tissue Micro Array (TMA)
Section three involves Ramatudy of breast cancer biopsy samples from tissue micro

array (TMA) slide. TMA approach has gained much attention in pathological research
analysis. H. Battifora initially developed this approach in 1986 and later on J.Kononen
and his colleagues developéd as proper technique in 1998. This approach has
revolutionized in multiplex histological studies. Results of this approach are reliable and
provided new platform correlated gene expression studies. The main advantages of this

approach is as follows

1. High-throughput analysis of number of tissue biopsies in a single slide within a
short time.
2. It will be helpful in comparative analysis of gene and protein expression studies

of same tissue under same conditions
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3. Itincreassresearch effectiveness with minintglantities of tissues.
4. This approach has been useful in seomntitative  scoring
immunohistochemistry, FISH and in situ PCR.

The majo limitations of this approach ags follows

1. Pathological cores may noepresentative ofvhole tumour because due to its
heterogeneity.

2. It has time consuming steps including preparation of individual paraffin blocks
and

3. This approach entails qualified staff and costly equipment

4. Restricted sample quantity has offered difficulties in integti@n in terms of
spatiotemporal data analysis of each section

TMA slide preparation:

The first step in TMA slide preparation is study of clinicatwnourbiopsy before
making decision on area of investigation. TMA approach generally allows tissue

cores as small as 0.6 mm in diameter.

The major steps involved in the TMA slide preparation are

1. Selection of donor tissue and identification of areas of irtéwesirraying

2. Preparation of paraffin blocks and making array pores in the blocks

3. Punching tissue cylinders (core biopsies) from marked representative areas of
donor paraffin block.

4. Inserting the tissue cylinders into the recipient paraffin block vat ér high
densities.

5. Embedding recipient block to get TMA paraffin blocks

6. Cutting TMA sections using a microtome

61



3.4.2 Sample quantity
In this study we have examined different breast cancer patient biopsies on TMA slide.

TMA and ethical approvalvas proided by Clinical Trials Research Unit (CTRU),
University of Leeds. Clinical trial name was Azure and trial Data Transfer Agreement
(DTA) ID is Azure_07. TMA slide has providedformation about patient triadumber,

ER status, PR status, HER2 statusdhigfical grade and tumour pathology.

ER and PR status has described -8 @here €2 is regarded as negative, sometimes 3

is also considered as negative. HER status has descrieeB,asttere 0 and 1 is
negative, and 3 is positive. Score 2 are equivecal need to perform an in situ
hybridisation method to ascertain true status. Approximately 30% or slightly less of 2+
are amplified and therefore considered as positilistological grade is represented as
low grade, moderate and high grade. Tumourglagy of breast biopsies were ductal

No Special Type (NST), lobular, mixed (ductal /lobular), mucinous, tubular and other
types. Majory of breast biopsiebelong to ductal NSTA total 132 biopsy samples
were present on TMA slide and known ER, PR and BiERtus biopsies were used for
spectral collection. 30 spectra were collected from each biopsy and in total 3,960

spectra were collected from patient biopsies.

Sample preparation an®Raman spectroscopic measuents were kept constant

throughout thistudyas mentioned in section 3.1 to 3.4, unless otherwise stated.

Chemometric methods such as PCA and Cluster Analysis (CA) were used in this study.
PCA was performed on higlvavenumber region (32e®600 cnit), finger print region
(1800600 cnm'), amidel region (18001510 cni'), amide Il region (1510390 cn),

amide Il region (1391140 cnT) and nucleic acid region (988D0 cm’). CA was
performed on higwav enumber , ami de I and nucl ei ¢
method squared Euclidean distancmear discrimination analysis (LDA) was applied

on classification and prediction accuracy. LDA model was setup over full spectral
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range. Spectral processing for all LDA models were baseline correction and unit vector
normalization. Five samples from eagloup were left out ataeh pass until total

number of 30 spectra of each subtppedicted (Table 16

Tablel16: LDA model set up for four subtypes of TMA biopsies

Cell line Number of spectra used Number of spectra

in LDA model at each unknown at each pass

pass

Luminal A 30 5
Luminal B 30 5
HER2 positive 30 5
Triple negative 30 5
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Chapter 4

Results and Discussion

4.1 Breast Cancer Cell lineRResults
In this section, Spectral analysis of normal (MOFA) andtwo breast cancer (MGF

and MDA-MB-436) cell lines was conducted. Raman spectra of the cell lines have
revealed basic differences in the concentration of biochemical composuals as
proteins, lipids and nucleic acids. Raman peaks differ in peak itdsnand shifts in
normal and cancer cell lines and Chemometric approach may assist in accurate and
reliable classification with improved sensitivity and specificity. Vibrational
spectroscopy has gained much attention in recent years in cancer reseaspearally

used to explore the chemical fingerprints different biological tissues including normal
and malignant types. A combination of Raman spectroscopy and multivariate approach
was used for the first time to identify subtyé<ellular level.

4.1.1Raman Peak analysis

A total of 120 spectra were collected from MTCBA, MCF7 and MDAMB-436 cell

lines. Mean spectra of three cell lines were extracted and identified peaks assignments
(Figure 8) The spectra obtainddom each subtype showed signifitatifferences in

terms of peak heights and peak shifts. All peaks were carefully examined and assigned
to their respective biological groups. Peak gasients were identified in the entire
spectral range (4003200 cnt) of eah cell line and summarised table (appendix).

To understand the chemical structural properties of cell lines and tissues, it is important
to characterise these as precisely and accurately as possible. Therefore, all possible

chemical bonds and functional groups were identifiedthen details are given below:
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Figure 8. Mean spectra of breast cancer cell lines (MOA, MCF7 and MDAMB-

436).
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4.1.2 GH region (3200 2700 cnt)
Spectral peak observed 3860 cn'in MDA-MB-436, 3061 cniin MCF-7 and 3062

cm*MCF-10A was assigned-8 stretching ofipids. A small peak, present as shoulder
was observed at 2881 &nn MCF-7 and MCF10A and attributed to CHasymmetric
stretching vibrations of lipids and proteins, whereas this shoulder peak was absent in
MDA-MB-436 (Figure 10) A strong Raman peak observed in higiivenumber region

at 2934 crit in MCF-10A and MCF7 assigned to CHasymmetric stretching vibrations

of lipids (Figure 9) A strong Raman band was observed at 2982 at MDA-MB-436,

which corresponds to GHasymmetric stretch of lipids and fatty acids. A weak band
was observed in MGEOA and MCF7 at 2726 cri, which represents stretching
vibrations of CH, NH and OH groups of lipids. A similar weak band was observed in
MDA-MB-436 at 2722 cih, which represents stretching vibrations of CH, NH and OH

groups of lipid{Talari et al., 2015k
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Figure9: Mean Raman spectra of MEIBA (blue), MCF7 (red) and MDAMB-436
(green) with major lipid peak shift.
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Figurel0: Mean Raman spectra of MEIBA (blue), MCF7 (red) and MDAMB-436
(green) with major lipid shoulder peak shift.

4.1.3 Amide | region (16791655 cnt)
Raman peaks at 1668 ¢niMCF-10A), 1659 crit (MCF-7) and 1655 cif (MDA-MB-

436) are characteristic assignments of C=0 stretching vibrations of prfajose 11
12). These ibrations are mainly due @-helical confirmation of proteins. A significant

shift was observed in Amide | bandthresethree cell linegTalari et al., 2015k
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AMIDE I- v(C=0)

Figurell: The structure ocmide I.
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Figurel2 Mean Raman spectra of MERA (blue), MCF7 (red) and MDAMB-436
(green) with major amide | peak shift.

4.1.4Amide |l region 1650- 1290 cnt)
A Raman peak arising at 1616 ¢mvas observed only in MGEOA and MCF7 that

corresponds to C=C stretching vibrations of aromatic amino acids such as tyrosine and

tryptophan (Figure 13) Peak present at 1605 ¢mvas appeared in MGEOA and
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MCF-7 which correspond to ring vibration of phgalanine or tyrosine or C=C
stretching mode of proteins or NMMibrations of cytosine. A Raman band was observed
iNMDA-MB-436 at 1582 ciand 1517 crl, which correspond td (C=C) vibrations

of phenylalanine and -C stretching vibration o carotene eéspectively. Raman peaks
were observed at 1576 &nfMCF-10A) and 1577 ci (MCF-7) representing nucleic
acid contents of cells or purine base such as guaninga@HCH, CH; deformations
were observed in MG at 1448 cnt and CH vibrations of proteinand lipids were
observed in MCFRLOA at 1449 cril. Raman band was observed in MIMB-436 at
1442 cmi' that represents either fatty acids or £bending mode or CH CH,
deformations of collagen. Raman peaks were observed at 133@rzhl338 cil in
MCF-7 and MCF10A which corresponds to amide Il or CH deformation of proteins or
CH; wagging vibrations of amino acids such as glycine and proline or ring breathing
modes of purine bases such as adenine and guanine. Raman bands at™ 1384 cm
1310 en! were appeared in MDAMVB-436 that represents tryptophan and lipid specific

vibrations respectivelfMovasaghi et al., 2007a
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AMIDE II- §(N-H), v(N-C)

Figurel3: The structure of amide II.

4.1.5Amide lll region {244 1208 cnt)
Raman bands were appeared between -124% cni' in three cell lines representing

amide 1l or phosphate backbone of nucleic ag¢ikigure 14) CH, wagging and €N
stretching vibrations attributed amide Il and asymmetric stretching vibrations of
phosphodiester groups were attributed phosphate backBgrimidine bases such as
cytosine and thymine were also contributed towards this peak. Raman peak at 1208 cm
Yin MCF-10A, MCR7 and MDAMB-436 were representingC-CgHs) vibrations of
aromatic amino acids such as phenylalanine, tyrosine and tryptoppesteins(Figure

15) (Movasaghi et al., 2007a
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AMIDE III- §(N-H), v(N-C) and skeleton stretches

Figurel4: The structure of amide Il
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Figure 15: Mean Raman spectra of MCEOA (blue), MCF7 (red) and MDAMB-436
(green) with major amide 1l peak shift.
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4.1.6Phenylalanine regiorf1000- 1207 cn)
A Raman peak was observed 70 , 1153, 1124, 1075, 1058 and 1039"crm

MDA-MB-436 and representing-B in-plane bending mode of tyrosine, carbohydrates,
v(C-C) skeletal of acyl vibrations of lipids, phosphate vibrations (chapessler et al.,
2013) respectively. Raman peakl&03 cni in MCF-10A and MCF7 and 1000 cih

in MDA-MB-436 corresponds -C aromatic stretching of phenylalanitigalari et al.,

2015K).

4.1.7Nucleic acid and Amino acid regi@@60- 750 cm’)
Spectral region of 960750cn* has mainly represented vibration modes of either

aromatic amino acids or nucleic acid components of each cell line. Raman peaks at 936
cm?® in MCF-7 have represented coimolecular assignment of(C-C) of a-helix
conformation for proteins whereas MQBA and MDA-MB-436 have shown Raman
peak at 958 cih which represents, (PO;*) of phosphate peak. Raman bands of 853,
828 782 and 758 cihin were observed in both MGFand MCF10A. Raman peak at

853 cm' have represented rifgeathing mode of tyrosinend GC stretching of
proline or glycogen. The peak that appeared at 828 tws represented either it

plane ring breathing mode or tyrosine oiPaD stretching vibrations of DNA and RNA.
O-P-O stretching vibrations are raised from phosphodiester pgroaf phosphate
backbone of nucleotides. The peak that appeared at 78hasrepresented pyrimidine
bases of DNA and RNA such as thymine, cytosine and uracil. Indole ring of tryptophan
has contributed Raman peak at 758'dmboth normal and estrogeeceptor expressed

cell lines. Raman peak of 932 ¢rin MDA-MB-436 has represented skeletal vibrations
of C-C or a-helix of proteins. Phospholipids have contributed Raman band at 875 in
MDA-MB-436, which is mainly raised from antisymmetric stretch vibrabb choline
group. GO-C skeletal mode vibrations, monosaccharide suchaagucose and
disaccharides such as maltose has expressed Rmmdrat 847 in MDAVIB-436 cell

line.
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4.1.8 GC region 750 to 600 crit)
MCF-7 and MCF10A have shown Raman peaks6#3 and 621 attributed to-C

twisting mode of tyrosine and phenylalanine respectiveNC 6tretching of proline

peak was observed in MEFat 726 and in MCHOA at 725.

4.1.9Peak Height Analysis

Peak height analysis was performed on three spectral regions of among breast cancer
cell lines. Peak intensities have shown clear differences and quantification of peak
heights were performed on lipids (2934-&y amide | (1658 cAl) and amide Il (1244

cm-1) regions. The absolute intensity of each region is increased from1d&FRo

MCF-7 and MDAMB-436 as shown in Figurks-18.
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Figure16: Peak height analysis of lipid region at 2934 tior MDA-MB-436 (red),
MCF-7 (blue) and NCF10A (green) cell lines
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Figurel7: Peak height analysis of Amide | region at 1658'd¢ar MDA-MB-436 (red),
MCF-7 (blue) and MCFLOA (green) cell lines.
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Figurel8: Peak height analysis of liprégion at 2934 cAl for MDA-MB-436 (red),
MCF-7 (blue) and MCFLOA (green) cell lines.
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4.2.Chemometrics analysis
A combination of supervised and unsupervised algorithms was used to analyze different

spectral regions of normal and breast cancer cell.liResnan peaks were found to
differ in intensities and peak shifts but chemometric approaches able to identify
variations that lead to accurate and reliable separation of three cell lines.
4.2.1Principal component Analysis (PCA)

PCA was performed ovewhole spectral range (32@D0 cml), fingerprint range
(1800500cn), lipids (31002680 cm'), amide | (180a.530) and amide IIl regions
(13801190 cml). PCA was conducted among three cell lines to identify chemical

variations, which can contribute towds cell line separation.

4.2.1.1Whole spectral range
PCA with the whole spectral range have shown good overall separation between the

three cell Ines (Figure 1P In thisPCA plot of whole spectral region, the first principal
component (P€l) has sepated the two cancer cell lines. Whilst thecond principal
component (P€) has separated MCEOA (normal) from MCF7 and MDAMB-436.

In this PCA plot, the first principal component (PG has separated MEFA from

MDA -MB-436 with higher extent.
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Figurel9: A two-dimensional principal component analysis (PCA) score plot of whole
spectral range for MDAVB-436 (red), MCF10A (green) and MCH (blue) cell lines
based on first (84%) and second (9%) principal components (PC).

4.2.1.2 Fingerprint region
The PCA of the fingerprint region shows overall good separation guthoee cell lines.

In this PCA plot, first PC (P€l) separates MGF from less extent with MDAMMB-436
and MCF10A whereas the second PC (RfChas pretty much sapated triple negative

subtype from the normal cell line and estrogen receptor sulffgere 20.
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Figure20: A two-dimensional principal component analysis (PCA) score plot of

Fingerprint range for MDAVIB-436 (red), MCFLOA (green) and MCH (blue) cell

lines based on first (46%) and second (23%) principal components (PC).

4.2.1.3Lipid region

PCA was performed over the lipid region between 3i1@880cm™. In the first PCA

plot, the PCG1 (838%) sepaates MDAMB 436 from MCF-7. PG4 separates breast
cancer subtypes from the normal breast cell line with lesser extent. In the second PCA
plot, PG1 has clearly separated triple negative subtype from estrogreptor subtype
whereas P& has separated MCF from MDA-MB-436 andMICF-10A cell lines. The

3D plot has shown 3 clear clusters of ¢iekés using PEL, PG2 and P& (Figures 21

23).
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Figure2l: A two-dimensional principal component analysis (PCA) score plot of lipid
region for MDA-MB-436 (red) MCF-10A (green) and MCH (blue) cell lines based on
first (88%) and fourth (1%) principal components (PC).
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Figure22: A two-dimensional principal component analysis (PCA) score plot of lipid
region for MDA-MB-436 (red), MCFLOA (green) and MCH (blue) cell lines based on
first (88%) and second (7%) principal components (PC).
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Figure23: A threedimensional principal component analysis (PCA) plot of lipid region
for MDA-MB-436 (red), MCFLO0A (green) and1CF-7 (blue) cell lines based on first
(88%), second (2%) and fourth (1%) principal components (PC).
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4.2.1.4Amide |
PCA was used to analyse amide | region between-1880cm™. The PCAplot of

amide | indicated that principal component-P@as clearly separated MGFcell line
from IMDA-MB 436 cell line. PEL has pretty much separated MZFrom MDA-MB-
436 and MCFL0A. In the firstPCA plot PGC1 separated normal cell line from estrogen
receptor expressed cell line. Whereas3@retty much separated M&Ffrom MDA-
MB-436. The 3D plot of amide | has shown clear clukiemation ofthree cell lines

(Figures 2426).
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Figure24: A two-dimensional principal componeanalysis (PCA) score plot of amide
| region for MDA-MB-436 (red), MCFLOA (green) and MCH (blue) cell lines based
on first (51%) and third (10%) principal components (PC).
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Figure25: A two-dimensional principal componeanalysis (PCA) score plot of amide
| region for MDA-MB-436 (red), MCFLOA (green) and MCH (blue) cell lines based
on first (51%) and second (25%) principal components (PC).
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Figure26: A threedimensional principal component dyss (PCA) plot of Amide |
region for MDA-MB-436 (red), MCFLOA (green) and MCH (blue) cell lines based on
first (51%), second (25%) and third (10%) principal components (PC).
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4.2.1.5Amide I
PCA was performed on amide Ill region (13BD90 cm?) to identify chemical

differences between three cell lines. The amide Il region provides information on
lipids, proteins and nucleic acid contents. PCA loading plot of amide Ill has indicated
that PC1 has pretty much separated MZFcell line from MCF10-A and MDA-
MB436 whereas PQ has differentiated MGEO-A and MCF7 from MDA-MB436.

The second P@ loading plot of amide Il has indicated that BChas well separated

MCF-7A and MDA-MB436 from MCF10A (Figures 2729).
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Figure27: A two-dimensional principal component analysis (PCA) score plot of amide
[l region for MDA-MB-436 (red), MCF10A (green) and MCH (blue) cell lines based
on first (75%) and second (14%) principal components (PC).
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Figure28: A two-dimensional principal component analysis (PCA) score plot of amide
[l region for MDA-MB-436 (red), MCF10A (green) and MCH (blue) cell lines based
on first (75%) and fourth (4%) principal components (PC).
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Figure29: A threedimensional principal component analysis (PCA) plot of Amide Ill
region for MDA-MB-436 (red), MCFLOA (green) and MCH (blue) cell lines based on
first (75%), second(14%) and fourth (2%) principal components (PC).
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4.2.2Linear Discriminant Analysis (LDA)
Linear discriminant Analysis (LDA) models were set up over full spectral range-(3300

200cm’Y). Baseline corrections and univector normalization were performed on spectra
before setting up LDA models. Five spectra from each group were left out at each for
prediction until a total no of twenty spectra from each group were predicted. LDA

model of three cell lines was predicted with 100%sgerity and 91% specificity
(Figure 30.
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Figure30: A threedimensional linear discriminaanalysis (LDA) plot for MDAMB-
436 (red), MCFLOA (green) and MCH (blue) cell lines based on predicted sensitivity
and specificity.
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4.3 Breast cancer cell linesDiscussion
Breast cancer is a most multifarious and heterogeneous disease with ddfeieat

features and different specific treatments. Classical pathology has described structural
heterogeneity based on overall morphology and structural organization. But a
combination of immunohistochemistry and gene expression profiling studies have
understood the disease at molecular level, refining classification based orcereken
specific markers such &strogen receptor (ER), progesterone receptor (PR) and human
epidermal growth factor receptor 2 (HERBertos and Park, 20).1This classification
method has expressed tumour heterogeneity in to luminal A, luminal B;2HiRitive

and triple negative subgroups. Based on prognostic viewpoint, luminal A and luminal B
tumourshave given better outcome due to hormone therapy abdi&ER2 positives

have developed overall outcome aftéscoveringpotentialtherapeutic candidate such

as trastzumab. On the other hand, triple negative tumours have associated with worst
prognosis due to lack of any specific markeell lines are extesively used in cancer
research am vitro models due to eage handling, unlimited selfeplication and high
degree of homogeneitiHolliday and Speirs, 2@). In our study, for the first time, a
combination of Raman spectroscopy and multivariate approach was applied to

investigate and classify three breast cell lines at cellular (@addri et al., 2015a

Spectra obtained for both the normal (MCBA) and breast cancer subtyp&QF-7

and MDA-MB-436) presented major lipid information in the high wavenumber region
(3050- 2800 cnt) (Figures 910) and protein information within the fingerprint region
(18007 500 cm'). To demonstrate reproducibility, twenty spectra were deitegom

each cell line

The spectra obtained from each subtype showed small visual differences. The
concentrations of nucleic acid bases were different in these cell lines and Biigetra

had relative higher amount of DNA bases. Proteins especially in titke dmand I
85



regions, and lipid ratios were found to be different among these cell lines. The
differences in amide peaks might be a result of different amounts of proteins in various
structur al conf ormations. -hdlixe tn@deredand o r m:

3 sheet structures of the proteins.

Mean Raman spectra of normal (M@BA), and two breast cancer cell lines (MDA
MB-436 and MCF/7) showed spectral information about proteimgids and nucleic

acids Peaks present at higher wave numkeeians (2980 to 2800 cthare mainly due

to stretching vibrations of lipids and proteins. These peaks are an accumulation of
vibrations, such as,CHs, -CH, and -CH=CH-. These are considered major spectral
markers in the analysis of the disease states. All these cell lines express major lipid
peaks at (2940 cih) 2921 cnt and 2948cn) with minor changes in intensity. These
intensity differences were due tmall fluctuations in the concentrations of lipids.
Raman spectra of this wavenumber region provide very interesting features regarding
the lipid changes in biological systems. These vibrations are extremely useful in
assessing lipid peroxidation. At tigslevel, it provides crucial information about lipid
saturation and may be considered as Raman marker for lipid metabolism. The ratio of
different lipid vibrations {CH=CH- /CH,) in Raman spectrum will depict disease status

of the tissue with respect tgid metabolism. As the cancer progresses, the intensity
will increase due to increased number of unsaturated fatty acids in the cell. This
indicates lower degradation of lipids due to decrease in lipid peroxidation. This is the
one of the common pointerd capid proliferating cells. Lipid metabolism in a cell
might be affected by the low rate of lipid synthesis, which results in the decrease
number of saturated fatty acids. In addition, extreme lipid peroxidation causes higher
level of lipid degradation. fAis is a very good marker for the slow growth behaviour of

a cell. Recent investigations have revealed that high amounts of polyunsaturated fatty

acids have great influence on transport and signalling pathways, including growth
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promoting effects of cell deksion, cell shape and metastatic behaviour of cancer cells
(Ozek et al., 201Qc High wave number vibrations (39002850cnt), especially Chil
stretching vibrations are regarded as best Raman markers to identify the disorder state
of lipids in diseased tissue.

Fingerprint region of Raman spectra (1800 t® 56i") highlight different biological
components such as proteins, lipids, nuckcids and fatty acidS’he major Raman
peaks for Amide |, Il and Ill, €& stretching, €4 bending, GP-O vibrations,
Phenylalanine, Tyrosine, -C stretching, CHl twisting, CH, deformations and C=C
stretching of lipids wereliserved in these cell linéRehman, 2012 The other Raman
peaks observed in these cell lines were nucleic acid bases such as atdgmire,

uracil, guanine and cytosine (ring breathing mode), tryptopha@ (@isting) and
phenylalanine (€C aromatic ring stretching), proline {C stretching), glycogen, GH

CHjs deformations of lipidgTalari et al., 2015k Proteins function as powerful Raman
molecular markers in studies of cancer biology. Raman speaitade biochemical
aspects of the protein metabolism such as transcription (RNA synthesis) and translation
(protein synthesis) with respect to metastasis. Amide [, 1l and Il bands were observed
in all three breast cancer cell lines. These different amigi@tions result from the
amide bonds of polypeptide backbones. Amide | band is the result of stretching
vi brations of C=0 vibrati on selialfstruttires ofa mi d
proteins. Bending vibrations of-N of amide group as well &N stretching and @N-

H in-plane bending modes of amide groups are revealed in the amide Il and Ill bands
respectively. Amide Il represents 3 sheets and random coils of proteins. Higher levels

of RNA and protein content are a fundamental feature ofecansdl.

Peak intensities have shown clear differences among three cell lines. Quantification of
peak heights were performed on lipids (2934} namide | (1658 ci) and amide I

(1244 cni) regions. Peak heights analysis has shown clear differencgsdpetell
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lines. The absolute intensity of each of the region is increased from1d&Fk MCF

7 to MDA-MB-436. PCA with the whole spectral range and the fingerprint range shows
good overall separation betwethe three cell linessuggesting that lipidgroteins and

nucleic acids might be contributing to the separation. In the PCA of whole spectral
region, the first principal component (A} has separated the two cancer cell lines
whereas the second principal component-@p@Gas separated MCEA (normal) from

MCF-7. The PCA of the fingerprint region shows the first P€eparates triple negative
subtype from the normal cell line and Geparates MGF from MDA-MB-436. A
notable feature I's that t wo separate cl
6cancerous/ di seasedd class do not for m.

even between the two breast cancer cell lines.

To characterise the biochemical variation in detail, PCA has been further applied to
narrower spectral regions suchlgsds, amide | and amide Ill. Some spectral regions
are more sensitive to a low number of these components. And as the PCA of whole and
fingerprint region have provided sufficient evidence on separation, looking at small
spectral regions may provide a teetunderstanding of the chemical differences existing
between these breast cell lines. For example, the Amide | band shoulder can give
information on the relative concentration of nucleic acids and DNA bases, the high
wavenumber region can often be usedonjunction with the 1200000 cm’* region

to resolve information on the lipid phase and content. This band approach can
sometimes provide a clearer picture of the biochemical differences that are of interest to
us. Loadings plots for these regions as=d in conjunction with the PCA scores to
provide information on the spectral features, which are powering the separation between
the three cell lines.

4.3.1Lipids
PCA was performed over the lipid region between 31L@B80cm' (Figures 2123).
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This regon often gives information on the relative amount of proteins and lipids. The
PGl (88%) separates MDMB 436 from MCF7. PG4 separates breast cancer
subtypes from th@ormal breast cell lineThe loadings plots suggest that the v{CH
symmetric and asymetric vibrations of lipids at (2882 c¢hy C-H, CH, symmetric
vibrations in lipids and proteins (2940 ¢m2921 cni and 2948crl) appear to be
powering the separation of the MGHine from the other two line&oljenovic et al.,
2005a Sigurdsson et al., 200&hetty et al., 2008Viovasaghi et al., 200JdThe cell
lines higher in the CH stretching vibrations of proteins (2949¢cmCH3 of lipids and
proteins (2884cit) are pogive for the separation RC describes and it discriminating
MDA-MB-436. Whereas, the GHtretching vibrations (2910¢th and CH symmetric
stretch of lipids (2886¢it) are contributing to the separation of the MZE&nd MCF
10A lines. In each case, thdDA-MB-436 and the MCF 10A cell lines have higher
protein contents relative to the MGFline. Whilst both the MDAVIB-436 and MCF
10A are easily resolved from the M@Fcluster due to the much lower lipid content,
their proteinto-lipid ratio differs sigificantly. The difference is large enough to further

sepaate MDA-MB-436 from MCF 10A

4.3.2Amide |

PCA was used to analyse amide | region between-1880cn" (Figure 12. The
Amide | band gives information on the secondary structure of protemdeic
acids/DNA bases and some amino acids-1Ptas separated the MQFline fromrest

of the cell lines

PG-1 loading plot indicates the C=0 stretching of amide | of proteins (1687, @nti
parallel R sheets of amide | (1670 Bmtryptophan or Bteet of protein (1621 ch),
C=C of phenylalanine ring vibration, tyrosine (1607 9ntryptophan (1548 cth) are

higher in MCF10A and MDAMB-436 cell lines whereas nucleic acids (15780nare
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higher in MCF7 cell line. MCF7 separation from the otheell line is therefore likely

based on the higher concentrations of DNA bases and lower protein content seen in this
line. The MDAMB-436 and MCFLOA cell lines contain higher concentrations of
protein compared to the MCFline. However, the amount segrno vary betweethe

two. PG3 and PG4 loading plots are also separating MTZRn a similar manner.
Raman peaks of these loading coefficients are 1577and 1576 cn which are
assigned to nucleic acids and are higher in the MEElIl line. This variaon relative to

the DNA base bands is separating MDB-436 from theMCFLOA (Mahadevan
Jansen and Richard®rtum, 1996 Shetty et al., 20Q6Dukor, 2002 Cheng et al.,

2005 Lakshmi et al., 2002Notingher et al., 20045tone et al., 2004ung et al., 1996
4.3.3Amide IlI

PCA was performed on amide Ill region (13BD90 cm') to identify chemical
differences between the cell lingsgure 15. The Amide IIl band gives information on
lipids, proteins, nucleic @ahamino acid content$G2 has separated MCFfrom rest

of the cell lines. MCK separation is largely due to a higher nucleic acid and lipid
concentration in this cell Ienrelative to the rest. This is also observed iR2P@hich is
describing positive discrimination with the amide 1ll and nucleic acid bases such as
adenine and guanine (1337 YnCH, deformation of lipids, adenine and cytosine
(1258, 1299 and 1304 ¢tj) methylene twisting vibrations (1294 ¢n The difference
between the MCHROA and MDAMB-436 lines are found in R&€ where the MDA
MB-436 are clustered away from the normal line due to a higher protein and lipid

content(Dukor, 2002 Stone et al., 2004£han et al., 2006

Linear discriminant analysis (LDA) models were setup ovérsjpectral range 3300
200 cm'. Baseline corrections and Unit Vector Normalisation were performed on

spectra before setting up LDA models. Five spectra from each group were left out at
a0



each for prediction until a total number of twenty spectra from eaobpgwere
predicted LDA model of three cell lines was predicted with 100% sensitand 91%

specificity.

Raman spectral data combined with PCAs proves to be an excellent method that allows
separation of different types of cell lines based on their,ligitl nucleic acid/DNA,

and protein contents, as the MCFcell line appears to be much higher in lipids
compared to MDAMB 436 and MCF 10A and works well to single out this cell line in
view of the high wavenumber of amide Il bands. It also containsehiglcleic
acid/DNA base concentrations relative to the other two cell lines. This might indicate
higher metabolic activity or might simply be due to a higher cell density in the data
collection volume. Although MCHF and MDAMB-436 are both breast cancer
subtypes, the MDAMB-436 does not appear to contain lipids at a concentration vastly
different to those found in the normal MAaBA cell line. Instead, the difference lies
more in the relative protein and amino acid concentrations. Proteins of manyndiffere
conformations overlap to form the Amide bands. It is possible that the compositions of
UGhel i x, u n o-shekk cordadmatens df pfoteins in the MDAB-436 and
MCF-10A lines are different. These differences observed in the cell lines may also be
useful in identifying chemical changes between the different subtypes of breast cancer
although this needs confirmation in a larger panel of cell lines as well as clinical

material.
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Chapter 5

5.1T47D Spheroidg Results

T-47 D spheroid cultures weggown few millimetreauntil 14 days. Initiallythey are composed

of homogeneous population of normal proliferating cells. As the time progressed, the size of
spheroid has increased. After 14 days culture, necrotic region was developed in central region of
the spheroid and this region was clearly observed in microscope. This region was surrounded by
layer of nonproliferating quiescent cells. The external rim e 1D spheroid remained normal
proliferating cells. Based on microscopic observation, three megiere calculated as outer
region (normal proliferating region), middle region (hypoxic region) and inner region (necrotic
region) and these regions were well established in previous st&eagherland, 1988
Chapman et al., 198Tarlsson et al., 19FJ9Raman Spectroscopy has been used as
potential tool to evaluate biochemical differences among three regig¥D Bpheroids
biochemical snapshots have shown spatial diversity of macromolecules such as, proteins
lipids, carbohydrates and nucleic acids. Raman peaks of three regions have differed in
peak intensities and peak shifts. Furthermore, three regions eDIspleroid cultures
models were classified using multivariate approach such as PCA, clustesisiaalg

LDA. Chemometric methods havesaste in accurate and reliable classification with
improved sensitity and specificity. Raman spectroscopy has been revealed to be
accurate in differentiation of normal and cancerous tissues and different breast ca

cell lines, such as, MGF, MCF10 A and MDAMB-436 (Talari et al., 20159a Results
presented in this section are ¢lassify three regioof T-47D using a combination of

Raman spectroscopy and multivariate approach.

A total of 90 spectra were collected from three regiong-df7/D spheroids Mean
spectra of each region was extracted and carefully analysed for peak identification, and

corresponding chemical interpretatidfigure 31) Mean spectra of whole region
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(400cm’ - 3600 cnm) and major peak assignments such as Lipitida I, II, Il and

phenylalanie regions were shown in table (appendix)
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Figure31: Mean spectra of normal proliferating, hypoand necrotic regionsf T-47D
spheroids

5.2Raman peak analysis
A total of forty spectra wereollected from normal proliferating region, hypoxic region

and necrotic regia Themean spectra ahesethree regions were taken and major
biological component regions amentionedin table Raman spectra of three regions
were analysed qualitativeBnd quantatively. The peak assignments for lipid, amide 1,

Il and Il region are summarised table (appendix)

5.2.1GH region 8200- 2700 cn)
A strong Raman peak arising at 2933 ‘tris characteristic assignment of €H

asymmetric stretch of lipidsThis band is expressed in normal proliferating region and

hypoxic regionwheres, in the necrotic regichis peakappearst 2944 crit. A weak
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Raman band iexpressed irall three spheroidregions of spheroidsat 3061 crit,
representingCH stretch of ipbids. A strong shoulder peak was observedlinthree
regions haseenattributed to CH symmetric stretch of lipids and GHisymmetric
stretch of lipids and proteins. A further small shoulder peak was observed in normal
proliferating region at 2849 ¢ which can be assigned to €slymmetric stretch of
lipids (Figure 32) A weak Raman band observed at 2724'émnormal and necrotic
regionsis assigned teither CH stretching or stretching vébions of CH, NH and OH

groups. This was reported ihypoxic regions at 2725 ch{Movasaghi et al., 2007d
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Figure32 MeanRaman spectra of normal proliferating (blue), hypoxic (dark red) and
necrotic (red) regions with major lipid shoulder peak shift.

5.2.2 Amide | region {6721350 cnt)
A strong Raman band of amide | was observed at 1666 (©mrmal), 1667 ci

(hypoxic) and 1668 crit (necrotic) regon. This may belue to eitherC=C gretching of
proteins b sheetsstructure of poteins or carbonyl stretches associated withours or
collagen (Figure 33) A small Raman peak was observed at 1603 @mhypoxic and

necupotic regions, which is a contributiomom cytosine (NH), ring (C-C) stretch of
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phenylalanine, tyrosine, C=C vibrations of protembereasthis band was expressed

in normal region at 1604 ¢ Weak spectral contributions were noticed at 1580 and
1584 cn¥, which are attributed to <€ stretching and C=Cof olefinic acids
respectively. Pyrimidinering of nucleic acid bases wasbserved at 1579 c¢hin
hypoxic region. Weak spectral contribution was observed in necrotic region at 1553 cm

! whichis contritution from CH, stretching/CH asymmetric deformation of proteins

(Talari et &, 2015K.
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Figure33: Mean Raman spectra of normal proliferating (blue), hypoxic (dark red) and
necrotic (red) regions with major amide | peak shift.

A strong Raman peak was observed at 1441 ommormal region, attributeto CH;
scissoring and Cgbending in lipids, cholesterol and its esters ard 8ending mod

of lipids. Hypoxic regiorexpressed a strong Raman peak at 14486, cimaracteristiof

CH; bending mode of proteins and lipided CH, deformation of proteins. Aharp and
intense peak observed at 14487cim hypoxic region due to C#€H; deformation and

CH, deformations otollagen. A small shoulder peak was observed in three regions at

1417 cni* which represents C=C stretching in quinfitbvasaghi et al., 2007d
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5.2.3Amide Il region {240-1350 cn)
Normal region has shown Raman peak 1337 crit due to anide ll, CH, wagging

vibrations from glycine back bone and proline side chains, ring breathing mode of
adenine and guanine;I& deformation of proteins and tryptophan. A similar peak was
observed at 1339 and 1338 trin hypoxic and necrotic regions restigely. This
might be result of @ stretch of phenyl (1) andsC; stretchand §0sst r et ¢ch CHU
plane bend. The peak arising at 1316'cfound in normal and necrotic regions is
attributed to ring breathing mode of nucleic acidebaBands preserat 1294 crit
(normal and necrotic) and 1295 Crthypoxic) are characteristic of methylene twisting.
Asymmetric (PQ) stretching modes of nucleic asidrefound at 1241 cfin necrotic
region whereasthis phosphate stretchirig found at 1243 ciin hypoxic region. A
characteristic amide 11l band was found in normal region at 1245 dand present at
1243 cnt also indicatesCH, wagging, GN stretching of collagen, cytosine and

thymine(Talari et al., 2015k

5.2.4Amide Ill region {000-1240 cn)
A characteristic amide Ill band was presentatinthreeregions(normal proliferating,

hypoxic and necrotic)at 1208 crit, which indicates v(C-CgHs), tryptophan,
phenylalanine of protein assignment and ring breathing mode of adenine and thymine.
A small Raman peak was observed at 1172omh i c h r e p-H)etyresimg s i (
whereas this peak was observed at 1171 iecnboth normal and necrotic regions. Peaks
present at 1129 and 1130 ¢nare typical assignments of acyl chain vibrations of
phospholipids. Molecular vibrations &fC-C) skeletal of acyl back bone lipids, GC

skeletal stretch. Bands present at 1061 and 1062azetypical assignment of-C in

plane bending and -C skeletal stretchingespectively. Hypoxic regioexpresseca

Raman peak at 1096 ¢mattributed to Phosphodioxy (ROgroups.Normd and

necrotic regionexpressed & vibratioral modes of the gauchdonded chain, amide

[l and v(C-C) lipids and fatty acids. All threeegionsof T-47D spheroidsshow a
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Raman peak at 1031 chattributed tai(C-H), p. A shap and intense peadbservedt
1002 cm® in normal and necroticgegionsand 1003 cri in hypoxic region is an

assignment teoing breathing of aromatic amino acid such as phenylalgfilgeire 34)

(Movasaghi et al., 2007d
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Figure34: Mean Raman spectra of normal proliferating (blue), hypoxic (dark red) and
necrotic (red) regions with phenylalanine pshit.

5.2.5Nucleic acid and aminoacid regio8@0-1000 cnt)
Spectral peaksat 621 and 643 cihare typical assignments of-C twisting mode of

phenyl and tyrosine respaely. Hypoxic region shows &aman band at 727 ¢m
which is associated witle-C stretching and proline (collagen assignment). tAtee
regions of (normal proliferating, hypoxic and necrosipheroids expresses indole group
containing amipacid at 758 ci. Normal am hypoxic regions express nucleic acid
basessuch asthymine cytosine and uracil at 782 ¢hwhereas necrotic region does
not express this peak Raman band at 828n™ in normal region is typical assignment
of outof-plane ring breathing, tyrosine,-BO stretch of phosphodiesteiThis peak is

expressed in hypax and necrotic regions at 829 ¢mAll three regons of spheroids
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expressesing-breathing mode of tyrosine,-C stretch of proline ring and glycogen at
853cm’. Protein peaks of structural proteins modes were expressed in necrotic regions
at 890cnT, whereassaccharide spectral peak wagorted in normal region at 891 tm

! Cholesterol peak at 9581* was observed in all three regions of spherdfitgire

35) (Talari et al., 2015k
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Figure35: : Mean Raman spectra of normal proliferating (blue), hypoxic (dark red) and
necrotic (red) regionwith nucleic acid region peak changes.

5.3Multivariate analysis
The statistical analysis of this section was done in three stages. Firstly, an unsupervised

approach, PCA was applied on data matrix of three regions to a-ttmvensional

space bridged byhe loading vectors. Loading vectors were used to analyze three
regions in terms of lipids, proteins and nucleic acids. Secondly, a partial supervised
approach, Cluster Analysis was used to study the partition between the three regions in
high-wave numbereagion, amide | region and nucleic acid region. Thirdly, a supervised

approach, Linear Discriminant Analysis was performed to assess the sensitivity and

specificity of spectral features to predict three regions.

98



PCA was performed on highavenumber regiof32002600 cn'), fingemprint region
(1800600 cm'), amide | region (1800510 cm®), amide Il region (1511390 cnf),

amide 11l region (139140 cm') and nucleic acid region (98D0 cm®).

5.3.1Highhwavenumber region
PCA was performed othe lipid region between 3262600cni”. In the filst PCA plot

of lipid region, PC2 separated normal proliferatimggion from necrotigegionalong
positive and negative variables of 2Caxis, whereas, R@ has distributed all three
regions along axis line witpositive and negative variables without any separation.

the second loading plot, PZhas pretty much separated normal proliferating region and
necrotic region from hypoxic region, whereas, -£Chas well separated normal
proliferating and necrotic regis from hypoxic region. A three dimensional PCA plot

of lipoid region has shown pretty much cluster separation among three regions using

PG2, PG3 and P& (Figures 3638).

Loading plot of highwavenumber region describes the following biochemical $mdps

of three regions: Biochemical variation among three regions was increased from PC2 to
PC4. Firstly, P loading plot (blue) has shown majority of Raman spectra of normal
proliferating, hypoxic and necrotic regions in higlavenumber region has showigin

lipid contents compared to protein content.-£@®ading plot (green) has shown that
necrotic region and normal proliferating regions have high protein contents and low in
lipid contents compared to hypoxic region.-BC | oadi ng pl oted(red)
significance changes in biochemical differences among three regions. Based2on PC
and PC4 loading plot analysis, it is evident that lipid variations between normal and
necrotic regions are similar compared tgpbxic regionof T-47D spheroidgFigure

39).
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Figure36: A two-dimensional principal component analysis (PCA) score plot of lipid
region for normal proliferating (green), hypoxic (red) and necrotic (blue) regions based
on second and third principal components (PC).
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Figure37: A two-dimensional principal component analysis (PCA) score plot of lipid
region for normal proliferating (green), hypoxic (red) and necrotic (blue) regions based
on second and fourth principal components (PC).

100



Scores

@ NORMAL
@ HYPOXIC
@ NECROTIC

middle %

e C -2

Figure38: A threedimensional principal component analysis (PCA) plot of lipid region
for normal proliferating (blue), hypoxic (red) and necrotic (green) regions based on
second, third and fourth principal components (PC).
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Figure39: Loading plots of lipid region representing principal component Pigtue),
PGC-3 (red) and P& (green).
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5.3.2Finger print region
PCA was performed on Fingerprint region between 1B8D cnt. In the first PCA

plot of the finger Print region, PE3 has differentiatechormal proliferating region
hypoxic region andhecrotic region partially. PG5 has pretty much separated normal
proliferating region from necrotic region. In the second PCA plot5P@s pretty much
separaté normal proliferating region from necrotic region, whereasAR@s partially
separated normal and necrotic regions from hypoxic region. A three dimensional PCA
plot of fingerprint region has shown clear cluster separation among three regions using
PG3, PG4 and PG5. PCA loading plot analysis of fingerprint has shown biochemical
differences among three regions in terms of lipids, proteins, nucleic acids and
carbohydrates. PCA loading plot of fingerprint region has described bnicdle

snapshoof threeregions (Figures 4@2).

Firstly, PG3 loading plot (blue) has suggested that necrotic region has shown high
lipid content (1606 ci i C=C bending of lipids, 1438 chi lipids, 1294 crit i
methylene twisting of lipids ) compared to normal prolifergtiagion. It also described

that some of hypoxic spectra have shown high lipid content compared to normal
proliferation region. PC4 loading plot (red) has shown similar results 63 RP@ding

plot in terms of lipid content of necrotic region. B@&lso imicated that necrotic region

has shown less protein content (1668'GnmC=0 of amide I, 1237 cthi amide IIl and

1004 cn - phenylalanine) as well as nucleic acid content (1374" énadenine,
thymine and guanine bases of DNA, 1340%dmmucleic acid mdes, 782 ci - DNA)
compared to normal proliferating region. BQoading plot has shown mixed results in
hypoxic region in terms of protein and nucleic acid contents compared to normal and
necrotic regions. PG loading plot (green) has shown that ndrpmliferating region

has high in protein content (1669 < amide |, 1237 & 1204 cAd i amide 1ll, 1131

& 1004 cm1i phenylalanine and 756 cfini tryptophan) and nucleic acid content (832
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cm-1l - O-P-O stretches of nucleotides) and low in lipid cont@vibvasaghi et al.,

20073 (Figure 43.
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Figure40: A two-dimensional principal component analysis (PCA) score plot of
Fingerprint region for normal proliferating (green), hypoxic (red) and necrotic (blue)
regions based on third and fifth principal components (PC).
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Figure4l: A two-dimensional principal component analysis (PCA) score plot of
Fingerprint region for normal proliferating (green), hypoxic (red) and necrotic (blue)
regions based on fourth and fifth principal components (PC).
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Figure42: A threedimensional principal component analysis (PCA) plot of fingerprint
region for normal proliferating (normal), hypoxic (red) and necrotic (blue) regions
based on third, fourth and fifth principal components (PC).
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Figure43: Loading plots of fingerprint region representing principal components PC3
(blue), PC4 (red) and PC5 (green).

5.3.3Amide |
PCA was performed on Amide region between 18800 cni. In the first PCA plot

PG4 has clearly separated normal proliferationaagnd hypoxic region from necrotic

region whereas P& separated hypoxic and necrotic regions from normal proliferating
region. In the second PCA pJdfG5 hasnoét contributed much
normal, hypoxic and necrotic regions, whereas;3Pitas partially separated normal
proliferating region necrotic region. Hypoxic cluster might indicate that amide | region

has differed from normal and necrotic region. A three dimensional PCA plot of amide |
region has shown cluster separation among thregone using the principal

components such as B8 PG4 and PG5 (Figure 47.

PCA loading plot analysis of amide | region has described following biochemical
differences among three regions. Firstly,-B@ading plot (blue) has shown low in

amide | contat (antiparallelb sheets of amide | at 16@0n™) in necrotic and hypoxic
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region compared to normal proliferating region. It also indicated high tryptophan
content (1560 cif) in normal proliferating region. R& loading plot (red) has shown
that hypoxicregion has high protein contents- helix of amide | at 1645 cif) and
tryptophan contents (1566m™) compared to normal proliferating region. It also
described that normal proliferating region has low tryptophan contents (830
compared to hypoxi@and necrotic region. RE& loading plot (green) has shown that
normal proliferating region has high protein contents (amide | at 187 and
tryptophan contents (15%0n~) compared to hypoxic and necrotic regigfalari et al.,

2015K (Figure 4446).
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Figure44: A two-dimensional principatomponent analysis (PCA) score plot of amide
| region for normal proliferating (blue), hypoxic (red) and necrotic (green) regions
based on fourth and fifth principal components (PC).
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Figure45: A two-dimensional principal compongeanalysis (PCA) score plot of amide
| region for normal proliferating (blue), hypoxic (red) and necrotic (green) regions
based on third and fifth principal components (PC).
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Figure46: A threedimensional principal componeanalysis (PCA) plot of amide |
region for normal proliferating (blue), hypoxic (red) and necrotic (green) regions based
on third, fourth and fifth principal components (PC).
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Figure47: Loading plots of amide | region representprgncipal components PC3

5.3.4Amide Il

(blue), PC4 (red) and PC5 (green).

PCA was applied on Amide Il region between 18890 cnt. In the first PCA plot,

PG-3 has partiallyseparated necrotic region from normal proliferating region and

hypoxic regionfrom necrotic region, whereas, PC4 has pretty much separated normal

proliferating region from hypoxic regioim thesecond PCA plot, P@ has pretty much

separated normal proliferating region from hypoxic regiblecrotic region shares

similar amide Il content with normal and hypoxic regions:PC has n 6t

contr

any separation among three regions. A three dimensional PCA plot of amide Il region

has shown partial cluster separation among three regions uk&gprincipal

components P2, PG3 and P& (Figures 4851).

PCA loading plot analysis of amide Il region has described the following biochemical

differences among three regions. Firstly,-P@ading plot (blue) has shown low in

lipid content (lipids &1438cmY) in hypoxic region compared to normal proliferating
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region and necrotic regions and does not contribute much towards separa8on.PC
loading plot (red) has shown high in protein content (1484" émamide 1) and
deformation of lipids (144@m'i CH, CH, and CH deformation of lipids, cholesterol
esters and fatty acids) and stretching of lipids (1&tt8 i C=C stretching of lipids and
1410cm™ i C-H deformation of lipids) all contribute to separation.-@®ading plot
(green) has shown thabrmal proliferating region has high lipid content (lipids at 1438
cm?) while low in CH vibrations of proteins and lipids (144&") N-H plane
deformations of proteins (1423 &n compared to hypoxic and necrotic regions

(Movasaghi et al., 2007d
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Figure48: A two-dimensional principal component analysis (PCA) score platrofie
Il region for normal proliferating (green), hypoxic (red) and necrotic (blue) regions
based on third and fourth principal components (PC).
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Figure49: A two-dimensional principal component analysis (PCA) score plot of amide
Il region for normal proliferating (blue), hypoxic (red) and necrotic (green) regions
based on third and fifth principal components (PC).
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Figure50: A threedimensional principal component analysis (PCA) plot of amide I
regionfor normal proliferating (blue), hypoxic (red) and necrotic (green) regions based
on third, fourth and fifth principal components (PC).
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Figure51: Loading plots of amide Il region representing principal components PC2
(blue), P@ (red) and PC4 (green).

5.3.5Amide Il
PCA was performed on Amide IIl region between 139@0 cnt. In the first PCA

plot, PG3 positively separated hypoxic region from normedion whereasPG5 has
contributed to the separation mbérmalproliferating region fromhypoxic region. In the
second PCA plot, P@ has separated normal proliferating region from necrotic region.
PG5 has separated hypoxic region positively and normal proliferating region negatively
along the axis. A three dimensanPCA plot of amide Ill region has shown partial
cluster separation in normal proliferating region and good separation between necrotic
and hypoxic regions using the principal components3PEG4 and PG5 (Figures 52

54).

PCA loading plot analysis ofnaide Il region has described following biochemical
differences among three regions. Firstly, PC3 loading plot (blue) has shown high
methylene twisting in (129dm™) in necrotic region compared to hypoxic region. It also
described that PG has shown Issnucleic acid content in necrotic region (1374

compared to normal proliferating region and necrotic regionr4 R@ading plot (red)
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has shown that normal proliferating region has shown lower protein content (1236 and
1204 cm' i amide Ill) comparedo hypoxic and necrotic regions. PCloading plot
(green) has shown that necrotic and hypoxic region have been separated uging CH
stretching (1371cm™), methylene twisting (1294m™), tryptophan & phenylalanine
(1209 cm™) and cytosine and guanine {lcm®) regions compared to normal
proliferating regions. P& has also described that normal proliferating region and few
spectra of necrotic region have shown less CH3, CH2 twisting and wagging of lipids,
collagen content, adenine and thymine of DNA5@2m") and amide IIl (1203 ci
compared to hypoxic region and remaining spectra of necrotic (@giami et al.,

20158 (Figure 54.
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Figure52: A two-dimensional principal component analysis (PCA) score plot of amide
Il region for normal proliferating (green), hypoxic (red) aretrotic (blue) regions
based on third and fifth principal components (PC).
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Figure53: A two-dimensional principal component analysis (PCA) plot of amide IlI
region for normal proliferating (green), hypoxic (red) and necroticelblegions based
on third, fourth and fifth principal components (PC).
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Figure54: A threedimensional principal component analysis (PCA) plot of amide 1lI
region for normal proliferating (green), hypoxic (red) and nec(btice) regions based
on third, fourth and fifth principal components (PC).
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Figure55: Loading plots of amide Il region representing principal components PC3
(blue), PC4 (red) and PC5 (green).

5.3.6Nucleic Acid Region
PCA was pgormed on Nucleic Acid region between 9800 cni. In the first PCA

plot PG3 has partiall separateaecrotic region from hypoxic and normal proliferating
regions, whereas, PE has separatedormal proliferating region from hypoxiand
necrotic regions In the second PCA plot, P& has partially separatedormal
proliferating region from hypoxi@and necrotic regionsiyhereas PG4 hasseparated
normal proliferating and hypoxic region from metic region with lesser extent. A
three dimensional PCA plaf nucleic acid region has shown partial cluster separation
in normal proliferating region and good separation between necrotic and hypoxic

regions using principal components such as3PEG4 and PG5 (Figures 5658).

PCA loading plot analysis afucleic acid region has described following biochemical
differences among three regions of-47D spheroids The variation, which is
contributed towards separation, is increased frorfi3RE PGC5. Firstly, PG3 loading

plot (blue) has shown that majority dfypoxic region and minority of normal
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proliferating region have high purine and pyrimidine bases of DNA and RNA (782 and
728 cm'), whereas, complete necrotic region and majority of normal proliferating
region have shown less lipids (cholesterol at 958)¢rproline, hydroxyproline and
tyrosine (852 and 830 ciy, tryptophan (756 ci) and tyrosine (643 cil). PC4
loading plot (red) has shown that majority of normal proliferating region and hypoxic
region have shown high protein content (proline and dwyprolinei 853, 933 crit),
tyrosine (643 cil) and nucleic acid content (adenine and DNA bases at 782 & 729 cm
1), whereas, necrotic region has shown less methionine aminioacid content (704 and 739
cm?). PC5 loading plot (green) has shown that necaniit hypoxic region have shown
that high phosphate stitching and cholesterol (959gntyrosine and proline (830 ¢m

') and adenine (729 ch, whereas, normal proliferating region has shown less glucose

(913 cm') and phosphodiester groups (810 )(vovasaghi et al., 200jdFigure 59.
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Figure56: A two-dimensional principatomponent analysis (PCA) score plot of nucleic
acid region for normal proliferating (green), hypoxic (red) and necrotic (blue) regions
based on third and fifth principal components (PC).
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Figure57:. A two-dimensional principal aoponent analysis (PCA) score plot of nucleic
acid region for normal proliferating (green), hypoxic (red) and necrotic (blue) regions
based on fourth and fifth principal components (PC).
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Figure58: A threedimensional principatomponent analysis (PCA) plot of nucleic acid
region for normal proliferating (green), hypoxic (red) and necrotic (blue) regions based
on third, fourth and fifth principal components (PC).
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Figure59: Loading plots of nucleic acigkgion representing principal components PC3
(blue), PC4 (red) and PC5 (green).

117



5.3.7Cluster Analysis
High-wavenumber region (32062600 cm)

Ward's method using Squared Euclidean distance
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Figure60: Dendrogram of Cluster Analysis results for norpralliferating region,
hypoxic region and necrotic region. CA was performed over the-Wagle number
region using Wards methodds square

Figure 60has shown the dendrogram of outer (normal proliferating), middle (hypoxic)
and inner (newtic) regions over the higivavenumber range (32500 cni). Three

main clusters were formed. Some of the normal proliferating region spectra were mixed
with necrotic region. Each region has formed pretty much good cluster and distance
measurements hasiggested that biochemical snapshot of fmiglvenumber region has
shown more similarity between normal proliferating and necrotic regions compared to

hypoxic region.
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Amide | region (18001510 cm')

Ward's method using Squared Euclidean distance
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Figure 61: Dendrogram ofCluster Analysis results for normal proliferating region,
hypoxic region and necrotic region. CA was performed over the Amide | region using
Wardsmetbo d 6s squared Euclidean distance

Figure 61has shown the dendrogram of outer (normal proliferating), middle (hypoxic)
and inner (necrotic) regions over the Amide | range (4BBID cm?). Three main
clusters were formed. No spectral mixing was observed within the three regions. Each
region formedvery individual clusters and distance measurements revealed that
biochemical snapshot of Amide | region shows more similarities between normal

proliferating and hypoxic regites compared to necrotic region.
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Nucleic acid region (986600 cmi)

Figure62: Dendrogram of Cluster Analysis results for normal proliferating region,
hypoxic region and necrotic region. CA was performed over the nucleic acid region
using Wards met hodds squared Eucl

Figure 62has shown theendrogram of outer (normal proliferating), middle (hypoxic)

and inner (necrotic) regions over the nucleic acid range-698cm™). Three main
clusters were formed. Some of the normal proliferating region spectra were mixed with
hypoxic region. Each regn formed separate and wedkfined clusters. Distance
measurements suggest that biochemical snapshot of the nucleic acid region is more

similar between normal proliferating and hypoxic regions compared to necrotic region.
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