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SUMMARY

To supplement the traditional histopathological examination of early cervical cancer,
fluorescence lifetime imaging microscopy (FLIM) of H&E stained cervical tissue
sections was investigated. Categories comprising normal, cervical intraepithelial
neoplasia (CIN1, CIN2, CIN3), squamous cell carcinoma (SCC) and microinvasive
were imaged and analyzed. Lifetime calculated from fluorescence emission decay in
cervical epithelium region was used to correlate with tissue pathology. Mean and
standard deviation of the characteristic fluorescence lifetime were used as feature
vectors to feed into a neural network extreme learning machine (ELM) classifier for
discrimination. An averaged sensitivity and specificity of 92.8% and 80.2%,
respectively, were achieved when differentiating normal from precancerous (CIN1,
CIN2, CIN3) samples. Discriminations between low-risk group (normal, CIN1) and
high-risk group (CIN2, CIN3) were also conducted due to the clinical importance for
treatment and a sensitivity of 85.0% and specificity of 87.6% were obtained. The results
suggest that the proposed fluorescence lifetime imaging of H&E stained cervical tissue
sections with the quantitative neural network ELM could be used to aid and supplement

the traditional histopathological examinations.

Epithelial layer analysis of cervical fluorescence lifetime images was investigated to
improve the diagnosis of H&E stained cervical tissue sections. The previously defined
ROIs in cervical epithelium regions were divided into even layers in the tissue growth
direction and diagnostic value in each of the divided layers was explored. It was found
that feature vectors including a combination of the characteristic lifetime from the top-
half epithelium gave the maximum diagnostic accuracy. Neural network ELM classifier
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was used for discrimination and an averaged sensitivity of 94.6% and specificity of 84.3%
were obtained when differentiating normal from precancerous cervical tissues. The
proposed layer analysis technique has the advantage of achieving a concurrently higher
sensitivity and specificity. In addition, analyzing only the top-half of the cervical
epithelium shortens the calculation time. The proposed method can provide more
accurate and faster cervical diagnosis, which can better supplement traditional gold

standard histopathological examination.

Liquid based cytological (LBC) Papanicolaou test is a very effective pre-invasive tool
to screen for cervical intraepithelial neoplasia (CIN). However, LBC has limited
sensitivity and specificity. Fluorescence lifetime imaging modality was applied to study
H&E stained LBC cells. The resulting lifetime images were processed to extract the
whole cell and cytoplasmic regions for analysis. The result shows that whole cell
fluorescence lifetime distribution is highly similar to the cytoplasmic region
fluorescence lifetime distribution. The mean of the characteristic fluorescence lifetime
in the whole cell region was used to differentiate between normal and precancerous cells.
A concurrently high sensitivity and specificity of 92.6% and 71.2% were achieved,
respectively. This preliminary study suggests that the proposed method can potentially

supplement and improve the automated screening of cervical LBC samples.

The origin to the correlation between fluorescence lifetime changes and the associated
cervical pathological states was investigated. Five proteins including BSA, poly-L-
arginine, poly-L-histidine, poly-L-lysine and poly-L-tryptophan were used to simulate
the proteins in cervical cytoplasm. Eosin Y, which is the only fluorophore involved in

H&E staining, were used to bind with these proteins. Fluorescence lifetimes from the

Xii



bound protein-dye complex were measured and compared. It was found that
fluorescence lifetime varied with the solution pH value and environment solvent. The
results obtained are in good agreement with the lifetime shortening trend observed in
H&E stained cervical tissue sections and the lifetime lengthening behavior found in

LBC cells.
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Chapter 1. INTRODUCTION

1.1 Motivation

Cervical cancer is the second most common cancer in women which accounts for about
12% of all female cancers and causes approximately 250,000 deaths every year [1]. The
cervix carcinoma is often preceded by a long precancerous stage of 10 to 15 years and
the most effective way to reduce cervical cancer incidence and mortality is early
diagnosis and early treatment. The current routine way for early cervical cancer
diagnosis is Papanicolaou (Pap) smear and histology, which examines the exfoliated
cells and excised tissues from the cervix, respectively. In a Pap smear, cervical cells are
scraped from the cervix wall and morphologically evaluated by a cytopathologist.
However, the Pap smear has a low sensitivity and specificity and multiple Pap tests are
required to reduce the false-negatives [2]. Cervical histology is subsequently followed
for definitive diagnosis once abnormality is found in Pap smear. In histological
diagnosis, a biopsy is collected from the patient and then fixed in formalin, dehydrated,
mounted onto wax blocks, sectioned and stained with haematoxylin and eosin (H&E).
Finally, an experienced histopathologist is required to evaluate the tissue under a
microscope and this is still regarded as the gold standard for cervical cancer diagnosis
[3, 4]. Both Pap smear and histology diagnosis have limitations of diagnostic variability
cuased by subjective interpretations, dependence on professionally trained personnel,

time-consuming and inaccuracy. Therefore, development of effective screening



protocols that are objective, independent on professionally trained personnel, fast and

more accurate are demanded to diagnose cervical precancersou lesions.

Optical imaging, a promising imaging technique that uses light to assess optical
properties of tissues, has been widely used in cancer diagnosis because of its advantages
such as extreme low energy radiation, high sensitivity, accessibility and relatively cheap
price. Imaging techniques such as reflectance spectroscopy [5], scattering spectroscopy
[6] have been investigated in cervical cancer screening. As compared to these methods,
fluorescence spectroscopy has many advantages: high sensitivity, minimized nosie due
to filters to separate the excitation source and emission signal, endogenous fluorophores
as well as exogenous fluorophores could be utilized for imaging. Disadvantages of
fluorescence microscopy which might limit its clinical use are the relatively small
number of fluorescent stains approved for use in human samples. Fluorescence lifetime
imaging (FLIM) is a novel imaging technique that measures the temporal decay of
fluorescence emission following a laser pulse excitation. The obtained fluorescence
lifetime describes the average time that a fluorescent molecule stays in the excited state.
The use of fluorescence lifetime rather than intensity has a number of advantages
including the reduction of effects due to photobleaching, scattering and intensity
variations in the excitation source. This characteristic lifetime is not only reliant on the
fluorophore property but also on the micro-environment of the fluorescent compound.
Parameters such as pH, temperature, viscosity and oxygen concentration [7-9] could be
probed by measuring the fluorescence lifetime of the fluorophore. Therefore, lifetime
values originating from intrinsic or exogenous fluorophores could be used to study tissue
structure as well as tissue chemistry [10, 11]. In addition, as compared to traditional

intensity-based fluorescence imaging technique, fluorescence lifetime is independent of
2



fluorophore concentration and laser excitation power. This allows for a wide variety of
applications of FLIM in histopathological specimen examinations [12]. In this work,
since samples are the H&E stained cervical tissues sections, the use of FLIM could probe
many cervical cancer associated microenvironment parameters changes while minimum
disruptions are caused to the samples because eosin gives fluorescence. The potential of
FLIM in diagnosis could be fully explored while its drawback in the requirement for
fluorophore is avoided. To the best of our knowledge, FLIM has never been used in

cancer diagnosis of H&E stained cervical samples.

The whole thesis is structured under the target to solve the problems in early cervical
cancer diagnosis which include diagnostic variability due to subjective interpretations,
lack of well trained personnel, time-consuming and inaccurate followed by four major
contents of experiments and analysis. The first work investigated the use of FLIM to
diagnose H&E stained cervical tissue sections followed by the second work using an
innovative way to analyze FLIM data in cervical epithelium to improve the diagnostic
accuracy and reduce calculation time. Subsequently, the thesis explored using FLIM to
diagnose Pap smear which is the earlier and less-invasive stage for cervical precancer
diagnosis. Finally, the thesis wrapped up with a biochemical mechanism study to explain
why FLIM could be used to diagnose early cervical cancer and to explain the data trend

obtained in the fluorescence lifetimes of different tissue pathological types.

1.2  Objectives

The objectives of this thesis are:



b)

Fluorescence lifetime characterization of H&E stained cervical tissue sections.

Traditional gold standard diagnosis of cervical cancer relies on visual inspection
of morphological changes in H&E stained tissue sections. The aim of this work
is to utilize fluorescence lifetime to probe the biochemical changes occurring in
abnormal cervical tissues. A quantitative analysis of lifetime values was
conducted to achieve objective and accurate diagnosis of cervical neoplasia.
Successful implementation of fluorescence lifetime imaging to diagnose cervical
cancer would supplement the traditional histopathological examination without

alteration in the tissue preparation protocol.

Epithelial layer analysis for lifetime diagnosis of H&E stained cervical tissues.

Mean and standard deviation of lifetimes in the region of interest (ROI) of
cervical tissue epithelium has proved to provide diagnostic information to
supplement the traditional histopathological examination of early cervical
cancer. The purpose of this work is to investigate the diagnostic value in the
layered structures of H&E stained cervical tissue sections after these ROIs were
evenly divided into layers. Effective feature vectors were used for discrimination
and redundant feature vectors were excluded. The proposed layer analysis could
potentially enhance the lifetime diagnostic accuracy and shorten the calculation

time.

Fluorescence lifetime characterization of H&E stained cervical liquid based
cytological (LBC) cells.
Conventional early cervical cancer diagnosis depends on microscopic

examination of LBC cells. Automated screening overcomes the challenges of
4



d)

1.3

traditional visual inspection. The motivation of this work is to harness
fluorescence lifetime to detect the biochemical changes occurring in abnormal
cervical cytological cells. Quantitative analysis of lifetime values was conducted
to achieve objective and accurate diagnosis of cervical neoplasia. The proposed
method could supplement the automated screening and improve the accuracy of

LBC smears diagnosis.

Investigation of the biochemical mechanisms contributing to fluorescence
lifetime diagnosis of cervical precancer.

The aim of this work is to explore the potential reasons that resulted in the
lifetime changes among different H&E stained histological and cytological

cervical samples.

Originality of thesis

The major originality and contributions of the thesis are summarized as follows:

1.

Fluorescence lifetime imaging (FLIM) is an emerging fluorescence imaging
technique in biomedical applications because of its sensitivity to biological
microenvironment parameters. To the best of our knowledge, it is the first time
to be investigated to diagnose H&E stained cervical tissue sections. Lifetimes
for the whole range of cervical pathological states including normal, CIN1, CIN2,
CIN3, squamous cell carcinoma (SCC) and microinvasive carcinoma were
calculated. Fluorescence lifetime in cervical epithelium was found useful to be

correlated to tissue histology. Mean and standard deviation of epithelium cell
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lifetimes were used as feature vectors and a neural network extreme learning
machine (ELM) classifier was used for tissue discrimination in order to
distinguish between normal and precancerous (CIN1, CIN2, CIN3) samples.
ELM could achieve very good generalization performance with extreme fast
speed. Differentiation between low-risk (normal, CIN1) and high-risk groups
(CIN2, CIN3) was also performed due to the clinical importance for treatment.
The obtained high sensitivity and specificity suggest that the proposed
fluorescence lifetime imaging of H&E stained cervical tissue sections with
neural network ELM classifier could be used to aid and supplement the

traditional histopathological examinations.

The diagnosis of H&E stained cervical tissue sections using fluorescence
lifetime imaging was further investigated with epithelial layer analysis. Cervical
epithelium was evenly divided into layers in the direction of tissue growth. Each
divided layer was found to carry certain level of diagnostic information and a
combination of fluorescence lifetime from some layers was used as feature
vectors for discriminations. An improved diagnostic accuracy was achieved with
a sensitivity of 94.6% and specificity of 84.3%, and the top-half epithelium was
identified as the most effective zone for fluorescence lifetime diagnosis. The
results suggest that the proposed layer analysis could enhance the diagnostic
accuracy and shortens the calculation time for fluorescence lifetime diagnosis of

H&E stained cervical tissue sections.

Fluorescence lifetime imaging was applied to study H&E stained liquid based

cytological (LBC) Papanicolaou smear cells for the first time. Haematoxylin and
6



eosin were used to stain smear cells instead of the traditional multi-chromatic
staining. Fluorescence lifetimes from cervical cells were collected and analyzed.
Mean lifetimes in cellular regions were found to be correlated to cervical
cytopathology and used as feature vectors. A concurrently high sensitivity and
specificity of 92.6% and 71.2% were achieved, respectively. This preliminary
study suggests that the proposed method could supplement and improve the

automated screening of cervical LBC samples.

4. The origins to the correlation between fluorescence lifetime changes and the
associated cervical pathological states were investigated. BSA and polyamino
acids were used to simulate the proteins in cervical cytoplasm and bound with
eosin Y, which is involved in the H&E staining protocol used in this thesis.
Fluorescence lifetimes from the protein-dye complex were measured. It was
found that solution pH and environment solvent changes the fluorescence
lifetime. The result could explain the lifetime shortening and lengthening trends
observed in H&E stained cervical tissue sections and LBC cells, respectively.
This biochemical study also potentially laid the foundation for future clinical

applications.

1.4 Organization of thesis

The thesis is organized into seven chapters as described below:

Chapter 1 presents the motivation, objectives, and major originality of the thesis.



Chapter 2 provides an overview of the fluorescence techniques. In particular,
fluorescence lifetime imaging and TCSPC technique are discussed. Cervical cancer
types, screening methods and extreme learning machine (ELM) classifier are also

described.

Chapter 3 reports the use of fluorescence lifetime imaging to diagnose H&E stained
cervical tissue sections. Lifetime feature vectors and discrimination classifier
parameters are described. The lifetime distributions of cervical tissue sections are
presented and the discrimination accuracy between different cervical histological stages

is discussed.

Chapter 4 describes the use of layer analysis to further investigate fluorescence lifetime
diagnosis of H&E stained cervical tissue sections. Epithelium regions are divided into
even layers and the diagnostic information in each of these layers is explored. Feature
vectors, comprising a combination of fluorescence lifetime from each layer, which were
used to differentiate between normal and neoplastic samples, are elaborated in this

chapter.

Chapter 5 deals with the use of fluorescence lifetime imaging modality to study H&E
stained liquid based cytological (LBC) Papanicolaou smear cells. Lifetime
characterization of cellular contents in the cytoplasm and whole cell regions are studied

and discriminations are made between normal and precancerous LBC samples.



Chapter 6 presents the study of biochemical mechanism that leads to the diagnosis of
H&E stained cervical tissue sections and LBC slides using fluorescence lifetime. The

results obtained are presented and discussed in this chapter.

Chapter 7 concludes with the major findings obtained in this thesis and proposes future

research directions in this area.



Chapter 2. BACKGROUND

2.1 Fluorescence

2.1.1 Overview

Fluorescence technique is one of the dominant methodologies with extensive usage for
fundamental research in biology and biomedical sciences as well as in materials science.
Fluorescence is the emission of light from a substance that has absorbed certain
wavelength of light. It is the result of a three-stage process that occurs in fluorescent
dyes or fluorophores following the absorption of a photon. The process that occurs
between light excitation and light emission is illustrated by a simple electronic-state
diagram, which is also known as Jablonski diagram [13], as shown in Figure 2-1. So, S1
and S, represent the ground state, first and second excited electronic states, respectively.
Within each of these electronic energy levels, fluorophores can exist in a series of
vibrational level indicated as 0, 1 and 2. At room temperature, most of the fluorescent
molecules would stay in the lowest vibration level of the ground state because thermal

energy is not sufficient to pump them to higher energy levels.

Absorption is an instantaneous process where a fluorophore molecule in the ground state
is excited to a higher energy state in either S; or Sz by a photon with energy 4va provided
by an external source such as an incandescent lamp or a laser. The transitions between
energy states are depicted by vertical lines to illustrate the absorption process.
Absorption takes place within a time of 10 s which is significantly faster than
molecular vibration. Following light absorption, the fluorophore is promoted to any of
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Figure 2-1 Jablonski diagram [13] illustrating the excitation and relaxation

processes following light absorption.

the vibrational sub-levels associated with each electronic state. An excited state
molecule can then undergo several processes such as vibrational relaxation,
fluorescence, phosphorescence, internal conversion and intersystem crossing before it

finally returns to its ground state.

The fluorophore molecule in one of the higher vibrational levels would rapidly lose its
excess vibrational energy by collisions and drops to the lowest vibrational level of S;.
This process is known as internal conversion and it generally occurs within a time
window of 102 s. This period of time is significantly shorter than fluorescence lifetimes
of an excited state molecule which is typically 10® s. Internal conversion is a
nonradiative process and the efficiency of internal conversion increases with decreasing
energy gap between the initial and final energy level. Molecules in the S; state can also
undergo a spin conversion to the first triplet state T1 and the transition from Sz to Ty is

called intersystem crossing. Light emission from T is termed phosphorescence and the
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wavelength is generally longer as compared to fluorescence. Transition from Ti to
singlet ground state is much less probable than singlet-singlet transition, and therefore
phosphorescence has a longer average lifetime which ranges from 10 to 10 s or more

[14].

Fluorescence, however, involves a transition from the lowest vibrational level of a
higher excited energy state to any of the vibrational sub-levels of the ground state.
Fluorophore molecules would return to the ground state and emit light. These molecules
in a sub-level of the ground state would rapidly fall to the lowest vibrational level of the

electronic ground state through vibrational relaxation and achieve thermal equilibrium.

2.1.2 Theory

2.1.2.1 Stokes’ Shift

In fluorescence emission, vibrational energy is lost before electrons relax from the
excited state to the ground state, which results in longer wavelengths in the emission
fluorescence as compared to the excitation spectrum. This difference between the
excitation and emission spectrum is known as the Stokes’ shift. As Stokes’ shift values
increase, it becomes easier to separate excitation and emission light by using
fluorescence filters. The fluorescence emission intensity peak is usually lower than that
of the excitation peak and the emission spectrum is often a mirror image of the excitation
spectrum as illustrated in Figure 2-2. The absorption and emission maxima of Alexa
Fluor 555 are 555 nm and 565 nm, respectively, giving a Stokes’ shift of about 10 nm.
The Stokes’ shift is an important characteristic of all fluorescent dyes as it allows the

effective separation and detection of excitation and emission light through the proper
12
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Figure 2-2 Absorption and emission spectrum for the fluorescent dye Alexa Fluor
555 [15]. The excitation and emission maxima are at the wavelengths of 555 nm

and 565 nm, respectively.

selection of filters to block or pass certain wavelengths of light. This allows high
sensitivity to be achieved in fluorescence microscopy since a low background noise is

detected in fluorescence measurements.
2.1.2.2 The Beer-Lambert law

The Beer-Lambert law describes the absorption process when light passes through a
medium. The absorbance, A, of the medium is the product of the concentration of
absorbing medium (C), molar absorptivity (¢) and the distance the light travels in the

medium (L) and is written as:
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A=¢-C-L (2-1)
The transmittance (T), which is defined as the ratio of incident light and transmitted

light, is expressed as:

| _
T= m =10+ (2-2)

0

where | and lo are the intensity of incident light and the transmitted light, respectively.

2.1.2.3 Fluorescence Quantum Yield

Fluorescence quantum yield @ is defined as the number of emitted photons relative to

the number of photons absorbed and is given by:

= number of emitted photons K, 7 2.3
number of absorbed photons K, + K, Th (2-3)

where K, and K are the radiative and non-radiative decay rate constants, respectively.
n IS the natural lifetime of the fluorophore and is also called the intrinsic lifetime without
any non-radiative process. 7 is the fluorescence lifetime and is the average value of time
a fluorophore spends in the excited state. Quantum yield ® measures the efficiency of
the fluorescence process and the value falls within the range of 0 to 1. A high value of
® approaching unity is generally associated with molecules possessing an extensive
delocalized system of conjugated double bonds which result in a relatively rigid
structure. This accounts for the strong fluorescence emission observed with molecules
such as fluorescein, anthracene, perylene and other condensed ring aromatic structures
[16]. In this case, the non-radiative decay rate is much smaller than the radiative decay

rate and @ is close to unity.
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2.1.2.4 Two-photon Fluorescence Microscopy

Two-photon fluorescence microscopy is one of the most important biomedical imaging
techniques because of its unique advantages of reduced specimen photodamage and
increased tissue penetration depth [17]. It achieves noninvasive imaging of biological
structures with submicrometer resolution in three dimensions. The physical principles
of two-photon fluorescence microscopy involves the absorption of two photons
simultaneously to excite a fluorescent molecule to a higher energy level [18]. Each
photon possesses half the energy required to excite the fluorescent molecule. Since the
probability of simultaneous absorption of two photons is extremely low, high power
lasers such as mode-locked (pulsed) lasers are required to generate two-photon excited
fluorescence. A key feature of two-photon fluorescence microscopy is that the excitation
is limited within a femtoliter focal volume. This confines the two-photon induced
absorption to the adjacent region of focal plane where the photon intensity is the highest.
Therefore, two-photon excitation provides three-dimensional optical sectioning without
absorption above and below the focus plane, which enables deep tissue imaging without

photobleaching and phototoxicity.

2.1.3 Fluorescence Measurement Techniques

2.1.3.1 Steady-State Fluorescence

Fluorescence spectroscopy measurements are generally classified into two categories:
steady-state and time-resolved. Steady-state measurement is the most common type
which is performed with constant illumination and detection. The emission spectrum is

recorded while the sample is constantly illuminated with a beam of light. Because
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fluorescence emission occurs within a nanosecond timescale, steady state is reached

almost instantly once the sample is exposed to light.

Steady-state fluorescence is usually measured by using a spectrofluorometer as shown
in Figure 2-3. The spectrofluorometer consists of a Xenon arc lamp, a sample
compartment, an excitation monochromator and an emission monochromator. The
Xenon arc lamp provides light excitation with a quasi-constant intensity in the visible
range. The excitation monochromator selects the excitation wavelength for sample
illumination. In the sample compartment, a quartz cuvette is used to contain liquid
samples, allowing transmission of the excitation light through the sample. The
fluorescence emission derived from the sample is then collected and focused into the
emission monochromator which is typically motorized to scan wavelengths

automatically and is finally detected by a photomultiplier tube (PMT).

Excitation

Monochromator Light source

N ™~
~e —
=
Emission
Sample chamber Monochromator

Figure 2-3 Schematic diagram of a typical spectrofluorometer [19].
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2.1.3.2 Time-resolved Fluorescence

2.1.3.2.1 Overview

Although steady-state fluorescence measurements are much simpler than the
complicated and expensive time-resolved fluorescence measurements, fluorescence
lifetime could reveal much more molecular information that is lost during the averaging
process involved in steady-state measurements [13]. Fluorescence lifetime is the
average time a molecule resides in the excited state before returning to the ground state
through fluorescence emission [20] and it is an intrinsic property of a fluorophore which
is independent on conditions such as excitation light wavelength, duration of light
exposure, fluorophore concentration and photobleaching [21]. However, the excited
state fluorescence lifetime is highly sensitive to the microenvironment of the fluorescent
molecules and valuable information about the molecular environment could be extracted
by quantifying the fluorescence lifetime of the molecule. Thus, a number of research
papers have been published regarding molecular effects measurements using
fluorescence lifetime. Intracellular free calcium ion concentration (Ca?*), which controls
functions of cellular components, was measured by fluorescence lifetime [22].
Fluorescence lifetime changes were also used to explore local viscosity with molecular
rotors [23], local refractive index derived structural information of biological specimen
[24] and pH values [25]. In addition, fluorescence lifetime was found to vary on the
binding of a fluorophore to a biological target such as proteins [26]. These features
enable fluorescence lifetime measurement to be a powerful complementary method to
the traditional steady-state technique. Fluorescence lifetime can generally be measured

using the time domain (TD) [27, 28] or the frequency domain (FD) [29, 30] technique.
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Figure 2-4 Single exponential decay of fluorescence intensity upon pulsed excitation.

In essence, the two methods are equivalent and can be converted to each other by a
Fourier transform [31]. In the time-domain measurement (TD), a short light pulse is
used to excite the sample and the impulse response of the fluorophore is recorded. The
decay of the fluorescence intensity is recorded as a function of time. The pulse width is
typically shorter than the sample decay time and high-speed electronic systems are
required for detection. When a sample is excited by a short pulse of light, the resulting
fluorescence intensity decays exponentially (as depicted in Figure 2-4). Lifetime 1 is

defined as the time when the intensity decreases to 1/e of its initial value.

For a fluorophore that exhibits a single exponential decay profile, the fluorescence

intensity decay function I (t) is written as:
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1) =1(0) exp(—gj (2-4)

where | (0) is the fluorescence intensity upon light pulse excitation (t=0), z is the

fluorescence lifetime.

At present, the Time-Correlated Single-Photon Counting (TCSPC) [32] is the most

common time-domain measurement technique.

In FD measurements, the sample is typically excited with light intensity that is
sinusoidally modulated. The modulation frequency is near 100 MHz so that its
reciprocal frequency is comparable to the fluorescence decay time. The phase shift

between the emission and excitation light is used to calculate the fluorescence lifetime.

Although the development of new, compact, cheap and less power-consuming laser
diodes and light-emitting diodes (LEDs) have greatly reduced the complexity and cost
of FD measurement instrumentation [33], the TCPSC technique achieves a better signal-
to-noise (SNR) as compared to the FD measurement [34]. TCSPC is one of the most
accurate methods of lifetime determination due to its short noise-limited detection, high
photon economy, and low temporal jitter, high temporal precision and high dynamic

range [35].

2.1.3.2.2 Time-Correlated Single Photon Counting

The first statistical study of TCSPC was introduced in 1968 [36]. In 1984, an extensive

description of the TCSPC application in fluorescence lifetime was presented by
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O’Connor and Philips [32]. In TCSPC, the sample is periodically excited by short light
pulses and the subsequently emitted photons are observed. Pulse intensity is suitably
adjusted so that less than 1 photon is detected for every 100 illumination light pulses.
The emission photons are collected over multiple cycles of excitation and emission. In
each emission event, the time difference between excitation and emission is recorded by
electronics, which act like a stopwatch, as shown in Figure 2-5. The stopwatch readings
are sorted into a histogram following a number of excitation pulses. The horizontal axis
represents the time difference and the vertical axis shows the number of photons
detected within this ‘time bin’. From this histogram, the fluorescence intensity decay

curve can be reconstructed.

The schematic diagram of a typical TCSPC collection system is illustrated in Figure 2-6.
In the first channel, a light pulse from the laser excites the sample and goes through a
constant function discriminator (CFD) to deliver a signal to the time-to-amplitude
converter (TAC). The CFD measures the precise timing of the pulse reaching electronics
while TAC is analogous to a fast stopwatch that measures the fluorescent photon arrival
time. A voltage ramp starts to be generated which varies linearly with the time upon
receiving the trigger signal from the laser pulse in the first channel. In the second
channel, the pulse from the detected emission photon is fed to another CFD which sends
a signal to the TAC to stop the voltage ramp. Therefore, the time delay between the
excitation and emission signals is proportional to the voltage output from the TAC. The
voltage is further amplified by a programmable gain amplifier (PGA) and converted to
digital values by an analog-to-digital converter (ADC). The numerical values from the

ADC are used to construct the histogram.

20



Laser pu(\

Fluorescence photon

. i
| | |
R ——— | e
" Start-stop-ime 1 ' " Sart-slop-time 2

@ dns 0 4.7 ns

Figure 2-5 Fluorescence photon detection in time-resolved fluorescence

measurement with TCSPC [37].

S (—f—Laser gF e __I

] > Ex.—-JC/F\D h ; Time (ns)

e offset  gain J

l J‘:'.:',f }9 <f g [£L] ape
= CFD |

Em. |/\ @ res |WD
A

Figure 2-6 Schematic diagram of a TCSPC electronic system [13].



The window discriminator (WD) is applied to suppress voltages that are out of a given

pre-defined voltage range which could minimize false readings.

The output of the TAC is subsequently digitized and sorted with respect to the time
delay using a multichannel analyzer (MCA). A time histogram is constructed to
represent the fluorescence decay profile after a large number of excitation and detection

events are measured.

2.2 Cervical Cancer

2.2.1 Introduction

Cervical cancer is the second most common cancer among women which accounts for
about 12% of all female cancers and causes approximately 250,000 deaths annually [1].
Nearly 78% of the mortality from the disease occurs in developing countries [38]. In the
development of cervical cancer, sexually transmitted human papillomavirus (HPV)
infections results in more than 90% of all cases [39]. The cervix is a cylindrical
fibromuscular structure with variable length which measures 2.5 to 3.0 cm and
approximately 2 to 2.5 cm in diameter [40]. It is part of the female reproductive system,
which lies between the uterus and vagina. The central canal in the cervix has an external
opening to the vagina and an internal opening to the uterus. These structures are also
called the external os and internal os, as shown in Figure 2-7. The outer part of the cervix,
which protrudes into the vagina, is known as the ectocervix and the part within the
cervical canal is called the endocervix. The ectocervix is covered by stratified squamous

epithelial cells while the endocervix is lined by tall columnar epithelial cells [19].
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Figure 2-7 Anatomy of the female reproductive system [41].

The point of junction where the stratified squamous epithelium of the ectocervix and
columnar lining of the endocervix meet is referred to as the squamocolumnar junction
(see Figure 2-8). Metaplastic changes, which often happen in the squamocolumnar
junction during reproductive life, are of crucial significance in cervical pathology. The
term metaplasia refers to the process in which the squamous epithelium of the ectocervix
replaces the columnar epithelium of the endocervix, which are normally replenished by
reserve cell population. Metaplasia would cause movement of the squamocolumnar
junction towards the internal os and constitutes the transformation zone which is defined
as the area between the original and the new squamocolumnar junction. The appearance
of metaplastic cells brings an increased risk of neoplastic changes in the transformation
zone. The transformation zone is of particular interest to pathologists as most cervical

cancers originate from this site [19].
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Figure 2-8 Histological image of a typical cervical squamocolumnar junction
observed under 10> magnification. The squamous epithelium in the ectocervix,
squamocolumnar junction and columnar epithelium in the endocervix are

indicated by arrows at location A, B and C, respectively.

Squamous cell carcinoma (SCC) which arises from the squamous epithelial cells is the
commonest histological type of cervical cancer, accounting for 85% of all invasive
carcinoma cases. Adenocarcinoma, arising in glandular epithelial cells, is the second
most common type which accounts for another 10%-15% of all cervical cancers [39].
Clinical invasive carcinoma usually presents with symptoms of abnormal vaginal
bleeding, especially postcoital bleeding and vaginal discharge. Post-menopausal
bleeding may be the main symptom after the menopause. Advanced disease is associated

with signs of weight loss, debility and pain.
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2.2.2 Histological Classification

The invasive carcinoma of the cervix is preceded by a long precancerous stage, a typical
interval of 10-15 years, allowing early detection and treatment of cervical precancerous
lesions possible. Precancerous changes in the epithelium of the ectocervix are usually
described as cervical intraepithelial neoplasia (CIN) [41]. These preinvasive changes
represent a continuous spectrum of morphology and are divided into three grades, CIN
1, CIN 2 and CIN 3, based on the proportion of the epithelium occupied by immature
crowded cells with abnormal nuclei as shown in Figure 2-9. CIN 1 (mild dysplasia)
refers to a lesion in which immature cells are confined to the lowest one third of the
squamous epithelium. CIN 2 (moderate dysplasia) involves the middle third as well and
in CIN 3 (severe dysplasia) the abnormal cells extend in to the upper third or replace the
whole epithelium. When the immature abnormal cells occupy the full thickness of the
epithelium without the invasion of tumor cells into the surrounding tissues, the lesion is
called carcinoma in situ (CIS). Once the malignant cells penetrate through the
underlying basement membrane and spread to the deeper tissue in the cervix or other

parts of the body, the lesion is known as invasive cervical cancer [42].

Although squamous cell carcinoma (SCC) accounts for the majority of cervical cancer
cases, adenocarcinoma, accounting for the minority of cervical cancers, is becoming
more important in gynaecological oncology. The incidence of adenocarcinoma of the
cervix has increased in recent decades as opposed to SCC, which has been declining.
This is partially due to the difficulties in diagnosing adenocarcinoma which are probably
because of a combination of cytology sampling obstacles and problems with cytological
interpretations [43]. Most women diagnosed with cervical adenocarcinoma are in

midlife and 20% of them are over the age of 65.
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The endocervical canal is covered by the columnar epithelium which forms a single
layer over the stroma. With the onset of dysplasia, cells in the layer are disrupted and
pseudostratification starts to develop, which appears as overlapping crowding of nuclei
in sheets of epithelial cells. The precursor lesions of endocervical adenocarcinoma are
referred to as cervical glandular intraepithelial neoplasia (CGIN). Histological criteria
for CGIN generally includes nuclear atypia such as nuclei enlargement, hyperchromasia,
glandular chromatin and pseudostratification [44]. Unlike its squamous counterpart
(CIN), CGIN is divided into low and high-grade lesions (L-CGIN, H-CGIN) as depicted
in Figure 2-10. It generally takes 10 to 20 years for H-CGIN to develop into invasive

carcinoma [45, 46].

2.2.3 Screening for the Prevention of Cervical Cancer

The early detection of precancerous lesions by cervical screening is one of the most
effective ways to prevent cervical cancer. In the USA, cervical screening is usually
conducted by using the Pap test [49] while in the UK the screening program was changed
to liquid-based cytology (LBC) in 2008 [50]. In the conventional Pap smear, cervical
cells were smeared by physicians to be mounted on a microscope slide and sent for
laboratory examination. In LBC, collected cervical cells are placed into a vial containing
a liguid medium to preserve the cells. The preserved cells are then processed to form a
thin layer slide and stained for cytological evaluation. However, both cytological-based
screening programs require sophisticated infrastructure, highly trained personnel and
adequately equipped laboratories to be performed. Many women are barred from these
screening programs especially those from the developing countries with poor-resource

settings due to the intrinsic problems of cytological screenings [51].
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Figure 2-9 Illustrations depicting the histology of cervical tissues: (A) normal, (B) CIN1,

(C)CIN 2, (D) CIN 3, (E) CIS, and (F) Invasive Cancer. Revised from [47].

Figure 2-10 CGIN. (A) Low-grade CGIN. The endocervical glandular cells show mild
nuclear atypia and hyperchromasia (arrows). (B) High-grade CGIN. The endocervical
glandular cells show mucin depletion, nuclear stratification, atypia, hyperchromasia

and loss of polarity with mitotic figures and apoptosis (arrows) [48].
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Therefore, significant efforts have been made to develop alternative methods to support
the existing screening methods such as the direct visual inspection (DVI) and human

papillomavirus (HPV) DNA testing [52].

Colposcopy is subsequently conducted if the cytological screening result is positive. In
colposcopy, the doctor would use a lighted magnifying device (colposcope) to look at
the cervix. Acetic acid and sometimes iodine is applied on the cervix to improve the
visual contrast of the problems areas. Once abnormal looking regions are identified, a
small sample of the tissue (biopsy) is required to be taken from the cervix for further
pathological examination. The main goal of colposcopy is to prevent carcinoma of the

cervix by detecting precancerous lesions and treating them early [53].

2.3 Review of Lifetime Simulation in Tissues

2.3.1 Overview

To simulate the interactions between light and tissues and the resulting fluorescence
lifetime, the most well-established method is the Monte Carlo simulation [54]. Monte
Carlo simulation was regarded as the golden standard for modeling the light transport
into the tissue, it used a simple photon propagation rule which is the probability
distribution that describes the step size of photon movment and deflection angle in a
photon’s trajectory when scattering occurs. Photons are treated as particles and neither
polarization nor wave phenomenons are considered in the simulation process. Monte
Carlo simulations provides a flexible approach to calculate photon transportation in

tissue provided physical variables in multiple tissue layers are given [54].
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Macroscopic optical properties are assumed to extend uniformly over a small sample of
tissue, lifetime difference among normal and cancerous tissues could be simulated by
using the different scattering () and absorption () coefficients and the anisotropy
factor (g). In the simulation, a narrow photon beam was typically used to simulate laser
that transport perpendicularly on a multi-layered tissue. Each tissue is considered
infinitely wide and characterized by thickness, refraction index, &, |k, and g. Absorption
coefficient Lk is defined as the probability on photon absorption per unit infinitesimal
path length whiel the scattering coefficient & is defined as the probability of photon
scattering per unit infinitesimal path length. The anisotropy factor is the average of
cosine value of the deflection angle. In the simulation of fluorescence lifetime, the main
concern is to calculate the time that a photon stay in the tissue before it is re-emitted or

absorbed by the tissue.

2.3.2 Lifetime Simulation in H&E stained tissue sections

To simulate light transportation in tissue, a good knowledge of tissue properties is
essential. Tissues are formed by a group of special cell types bounded together. These
cell functions are coordinated to allow the tissue to perform its given task. There are
many constituents of a tissue sucha as cell-adhesino molecules (CAM), extra-cellular
matrix (ECM) and cell junctions [55]. These tissues might be composed of many cells
types such as absorptive cells, mucosal cells, blood cells, etc. which makes tissue

parameters complicated.

In addition, fluorescence lifetime is very sensitive to parameters of the tissue such as

thickness, color, area where the tissue is taken. All these would change the absorption
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and scattering coefficients of the tissue, and so far a comprehensive and consistent
database that contains tissue parameters of various pathological tissue types is not
available although there are values of tissue property from different resources [56].
Although Monte Carlo simulations on cervical autofluorescence have been conducted
to compare spectra of tissues with different pathological states using these scattered
parameters, no fluorophore and protein binding is involved in the simulations [57].
While in our case, we are dealing with H&E stained tissues, in which a more
complicated biochemical interaction such as protein binding have occurred which would
also change these parameters. Such data are presently not available in the literature. To
be able to carry out the simulation work in this thesis, tissue parameters have to be
measured under different conditions and the protein dye binding mechanism and the

associated model have to be firstly investigated and established.

2.4 Extreme Learning Machine Classifier

2.4.1 Overview

Machine Learning, a branch of artificial intelligence (Al), has been widely studied by
researchers to construct and study systems that can be learned from data [58-60].
Machine learning is a collection of algorithms developed to interpret and unveil the
unknown relationship among the real world massive data. Machine learning is widely

applied in areas such as regression analysis [61], classification and data processing [62].

30



One big challenge in machine learning is how to learn the complicated pattern or trend
from the unknown training data. The artificial neural networks (ANNSs), commonly
referred to as 'neural network’, is one of the most effective machine learning techniques
that was designed by inspiration from the human brain [63]. ANNs mimic the biological
neural network and its structure and operation principles attempt to emulate the human
nervous system. The input data is processed in basic units referred to as ‘neurons’ by
powerful computational functions. Subsequently, a network with complicated
interconnections between the neurons is constructed to store the learning information
for any specific application. There are different types of neural network structures such
as feedforward neural network (FNNS) and recurrent neural network, depending on how
these neurons are interconnected. Among those structures, feedforward neural networks
are the mostly extensively studied. The single hidden layer feedforward neural network
(SLFN) is the simplest form of FNN and is shown in Figure 2-11. There are generally
three layers: the input layer, the hidden layer and the output layer. The input layer
absorbs the input data and transfers them to the hidden layer where input data are
processed and the output is then displayed though the output layer. The traditional
learning process of a SLFN is conducted by iterative tuning of parameters in the hidden
layer. However, the tuning process is tedious and time-consuming and it normally

suffers from problems such as local minimum and slow convergence rate [64].

Extreme Learning machine (ELM), originally proposed as a learning algorithm for the
single hidden layer feedforward neural networks, is able to solve all the above
mentioned problems [65-67]. The most prominent feature of ELM is that its hidden

nodes are randomly assigned while hidden nodes’ parameters in traditional SLFN were
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Figure 2-11 A typical structure of a single hidden layer feedforward neural network

(SLFN)

iteratively tuned. ELM is a constructive method that allows SLFNs to approximate any

type of continuous functions instead of a specific type of functions in [68].

ELM family have many algorithms such as I-ELM [68], CI-ELM [69], EI-ELM [70],
etc. They all have been thoroughly tested on real world datasets and shown to achieve

good training and validation errors.

In ELM, the output weight is analytically determined as the solution of a linear system

and universal approximation is guaranteed. Therefore, an ELM could achieve extremely

fast speed and phenomenal generalization performance.

32



However, in many applications, ELM produces better results than SVM and the
calculation time can be thousands time faster [67, 70, 72]. For example, in one
application, the performance of ELM, SVM and BP algorithms were compared in the
evaluation of median house value in California based on 8 input parameters such as
median income, population, total rooms, etc. All simulations were carried out in Matlab
6.5 environment running in a Pentium 4, 1.9 GHZ CPU. In this case, the learning speed

of ELM is more than 1000 and 2000 times faster than BP and SVM [67].

2.4.2 ELM Algorithm

2.4.2.1 Single hidden layer feedforward networks

ELM was initially proposed to train single hidden layer feedforward neural networks
(SLFNSs) in which there is only one layer of hidden nodes [70]. The output of an SLFN

with L hidden nodes and input x can be expressed as:

L0 =25,9,00 =X AG(xa,b) (25)
a,eC’x eC’beC,peC

where fi is the output weight of the ith hidden node, gi(x) or G(x,ai,bi) is the output
function of the ith hidden node, a;i is the weight vector connecting the ith hidden node
and the input nodes and b is the threshold of the ith hidden node. The output functions
differ as the node type changes. There are various kinds of nodes, such as additive or

radial basis function (RBF) type of nodes, multiplicative nodes, fuzzy nodes, fully
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complex nodes, high-order nodes, wavelets and ridge polynomials. The activation

functions of the three most common neuron nodes are:

Additive hidden nodes: 0,(X)=9g(a -x+b),a eR?,xeR,b eR,
RBF hidden nodes: 9;(¥)=g(bx—a;]).a, eR',xeR’,b R,
Si
Fully complex hidden nodes: g, (X) =1_l[g(aij X+b))a, ; € R‘,xeR’,b eR,
(2-6)

where g is the activation function and s; is an integer constant.

2.4.2.2 Extreme Learning Machine Operational Principle

The ELM operation is based on the theory that SLFNs with randomly generated hidden
nodes are universal approximators [72]. The activation function for additive nodes can
be any bounded non-constant piecewise continuous functions and the activation function

for RBF nodes can be any integral piecewise continuous functions.

Suppose there are N distinct training samples (xi, ti) in ELM; then the output with L

hidden nodes is:

f(x):ZﬁjG(aj,bj,x):ﬂ-h(x) (2-7)

where  h(x) =[G(a,,b,,x),---G(a,,b,,x)]" is the output vector for the hidden layer
and x is the input. Parameters in the hidden nodes (a;,b;, j=1,---,L) are randomly
assigned and the output weight g is determined analytically by using the following

formula:
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H-p=T (2-8)

where

G(al’bl’xl) G(aL,bL,xl)
H(all""aL;bl""!bL;X11'"lXN)=
G(al’bl1XN) G(aL'bL’XN) N

xL

T
Py t

T
ﬂL Lxd t L Nxd

(2-9)

H is the hidden layer output matrix with the i" row representing the output vector of

hidden layer with respect to input xi and the j column representing the output of the j"

hidden node with regard to all the inputs (X1, --Xn). The least square solution £ is

calculated in ELM so that the training error is minimum.

‘H-,?}—T‘=mﬂin|H-ﬂ—T| (2-10)

[ is calculated using the following formula:

f=HT (2-11)
where H® is the Moore-Penrose generalized inverse of hidden layer output matrix H
which achieves the smallest norm of § and minimizes the training error at the same time.

In theory, the least square solution of minimum norm f is unique [73, 74].
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Accordingly, the training process of ELM involves three steps (as shown in Figure 2-12)

once a training data (x;,ti), i=1, --;N is given:

1) Generate L hidden nodes with parameters (a,b) of each node randomly assigned;
2) Calculate the hidden layer output matrix H;

3) Calculate the output weight ,% =H®°T

Input Nodes Output Nodes

Hidden Nodes

Figure 2-12 Decision making network of ELM.

The output weight g is then used to determine the output for the samples in the testing

set. This output is compared to their known target output to calculate the corresponding

classification accuracy.

2.4.2.3 ELM Applications in Biomedical Diagnostics

There have been many successful use of ELM algorithms in biomedical diagnostics and
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many encouraging results have been obtained. For example, a kernel based extreme
learning machine classifier (KELM) was used to improve the diagnostic accuracy of
Parkinson’s disease (PD) with a sensitivity of 100% and specificity of 99.39%. Results
obtained significantly outperform those achieved in SVM method and other methods in
the literature [75]. ELM was also utilized for diabetes diagnosis problem, ELM achieved
a testing rate that is higher than results derived from many other popular algorithms such
as bagging and boosting method, C4.5 and BP algorithm. In addition, the running time
of ELM is significantly shorter which is 1000 times less than BP and 12 times less than

SVM [67].
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Chapter 3.  QUANTITATIVE DIAGNOSIS OF CERVICAL
NEOPLASIA USING FLUORESCENCE LIFETIME IMAGING
ON HAEMATOXYLIN AND EOSIN STAINED TISSUE

SECTIONS

3.1 Motivation

The use of conventional fluorescence microscopy for characterizing tissue pathological
states is limited by overlapping spectra and the dependence on excitation power and
fluorophore concentration. Fluorescence lifetime imaging microscopy (FLIM) can
overcome these limitations due to its insensitivity to fluorophore concentration,
excitation power and spectral similarity. This study investigates the diagnosis of early
cervical cancer using FLIM and a neural network extreme learning machine classifier
with the aim to develop an alternative method to supplement the traditional

histopathological examination of early cervical cancer.

3.2 Introduction

3.2.1 Current Screening Methods for Cervical Cancer

Worldwide, cervical cancer is the second most common cancer among women which
accounts for about 12% of all female cancers and causes approximately 250,000 deaths
annually [1]. Fortunately, the carcinoma of the cervix is preceded by a long precancerous

stage of 10 to 15 years, making early detection and treatment possible. A variety of
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cervical screening methods has consequently been developed to detect the pre-malignant

cervical changes.

The routine way for early cervical screening is the Papanicolaou (Pap) smear and
diagnostic information is acquired from the exfoliated cells that were scraped from the
cervix wall and morphologically evaluated under a microscope. However, because Pap
smear shows a low averaged sensitivity of not more than 58% and a specificity of 69%
[2], multiple periodic Pap tests are conducted to reduce the false-negatives. To overcome
the low sensitivity, the detection of an abnormal Pap smear is followed by an in site
colposcopic investigation where a mounted magnifying lens is used to inspect the cervix
after rinsing with 3%-6% acetic acid to confirm the abnormality. Although colposcopy
in expert hands exhibits excellent sensitivity (>90%), the specificity remains low
(<50%), which eventually requires a directed biopsy for definitive diagnosis [5]. The
colposcopy-directed biopsy is fixed in formalin, dehydrated, mounted onto wax blocks,
sectioned and stained with haematoxylin and eosin (H&E) before a histopathologist
evaluates these H&E stained tissue sections under a white light microscope. This is

regarded as the gold standard for cervical cancer diagnosis in most hospitals [3, 4].

The two distinct dyes, haematoxylin and eosin, stain the cell nuclei blue-purple and the
intracellular and extracellular protein pink, respectively. Morphological changes, such
as nuclear shape, size of epithelial cells, cell density and epithelial thickness are the key
indicators used by histopathologists to make a diagnosis [76, 77]. However, great
variability in the diagnostic results exists since the diagnostic process is a labor-intensive
procedure and relies very much upon subjective interpretation [78]. In addition,

implementation of this approach requires extensive infrastructure, personnel and
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economic resources. Many women especially those from developing countries are
suffering from not having sufficient exposures to these screening facilities [79].
Consequently, many complementary screening protocols to overcome these limitations

and to aid the traditional gold standard histopathological diagnosis were proposed.

3.2.2 Supplementary Cervical Screening Methods

Digital colposcopy with automated computer-assisted image analysis technique has
been developed to facilitate cervical cancer examinations especially in developing
countries where low-resource settings and poor financial conditions are commonly
present [80-82]. Diagnostic features including vascular features, acetowhitening and
mosaicism features from the colposcopic images were extracted for classifications.
However, only morphological features such as vascular size, shape, arrangement and

intercapillary distances were studied.

Significant advancement in photonic technology has seen various optical techniques
being used in the screening and diagnosis applications [13, 83, 84]. Quantitative analysis,
rather than the conventional qualitative examination, has proven to provide objective
and accurate diagnosis of neoplasia even in the hands of nonexpert operators [5].
Minimally invasive spectroscopic methods, including light scattering spectroscopy,
reflectance spectroscopy and fluorescence spectroscopy, have been investigated to
detect cervical neoplastic lesions to resolve the long-standing problems in the gold
standard diagnosis [5, 6, 85]. These approaches have shown great potential to support
the traditional histopathological examination because they could identify not only tissue

morphology but also the biochemical changes occurring in abnormal tissues.
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Fluorescence spectroscopy is one of the most popular methods in biomedical research
that offers high signal-to-noise ratio and it has been used to discriminate between
histologically abnormal and normal cervical tissues with high sensitivity and specificity
[10, 11, 85-87]. Endogenous fluorophores [10] and exogenous photo-sensitizers such as
the haemato-porphyrin derivatives and 5-aminolevulinic acid [11] were studied for
tissue diagnosis. However, the dependence on the excitation power and fluorophore
concentration (due to staining artefacts) of the fluorescence emission restricts its

application as a more widely used standard protocol.

3.2.3 Imaging the Cervix with Fluorescence Lifetime Imaging (FLI1M)

Fluorescence lifetime imaging (FLIM) technique measures the decay time of a
fluorescence emission from which micro-environmental parameters of the fluorophores,
such as viscosity, pH and oxygen concentration, can be determined and potentially be
correlated to tissue pathology [9]. Compared to conventional fluorescence spectroscopy
which is based on spectral features and intensity, fluorescence lifetime is independent

of the excitation power and fluorophore concentration [88].

The fluorescence lifetime has been investigated in many previous studies to evaluate its
diagnostic feasibility [89-92]. Basal cell carcinomas (BCCs) were distinguished from
uninvolved skin ex vivo through fluorescence lifetimes from autofluorescence generated
from unstained excision biopsies [89]. Fixed and unstained breast cancer tissues were
also examined with fluorescence lifetime imaging and a correlation to histopathological
assessment was demonstrated [90]. In addition, autofluorescence in the fundus was

measured for the early diagnosis of age-related macular degeneration [91]. Most of these
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studies used unstained tissues and the detectable laser-induced autofluorescence was
typically very weak due to the low intrinsic fluorophore concentration and the low
excitation power limited by the maximum permissible exposure [93]. The diagnostic
capability of FLIM can be greatly limited by biased lifetime values arising from the low
fluorescence emission [94]. Several new approaches to lifetime analysis [95-97] were
recently reported to alleviate this problem. Some studies have previously utilized the
fluorescence intensity of H&E stained tissues for diagnosis [98-101], but the
corresponding changes in the fluorescence lifetime of the staining compounds has not
been investigated. Since eosin stains the intracellular proteins in the cytoplasm of cells,
changes in the eosin fluorescence lifetime can potentially provide additional diagnostic

information for disease detection.

In this work, the diagnostic value of the fluorescence emission from H&E stained
cervical tissue sections was investigated using the FLIM technique. Cervical cancer
detection based on the fluorescence lifetime of H&E stained samples were carried out
using a quantitative analysis method to support the traditional histopathological
diagnosis. More than 100 H&E stained cervical tissue sections classified into categories
of normal, cervical intraepithelial neoplasia (CIN1, CIN2, CIN3), squamous cell
carcinoma (SCC) and microinvasive were collected for imaging and analysis. Epithelial
regions of these cervical tissue sections were imaged with a FLIM system and a neural
network extreme learning machine (ELM) classifier [66] based on a feedforward neural
network [102] was used for discrimination. The neural network ELM classifier was
selected due to its ability to detect complex trends with good generalization performance
at extremely fast learning speed. It is noteworthy that nearly 70% of CIN1 will revert to

normal within one year, while 90% of CIN2 and CIN3 could progress to life-threatening
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condition within two years if left untreated [103]. Thus, patients diagnosed with CIN2
and CIN3 are high-risk groups requiring immediate treatment. Consequently, the
accuracy of the proposed technique in discriminating the high-risk group (CIN2, CIN3)
from the low-risk group (Normal, CIN1) was evaluated. The results showed that the
proposed fluorescence lifetime imaging technique with the quantitative neural network
ELM discrimination method of H&E stained cervical tissue sections can achieve a high
accuracy and can be used to aid and complement the traditional histopathological

examinations.

3.3 Materials and Methods

3.3.1 Sample Set

A total of 117 H&E stained cervical tissue sections from 103 patients were collected
from the KK Women's and Children's Hospital (KKH), Singapore in this study. The
histopathological examination of the H&E stained cervical sections was performed by
a senior pathologist from KKH and the corresponding region-of-interests (ROIs) in the
epithelium were identified as normal, CIN1, CIN2, CIN3, SCC and microinvasive. The
whole sample set comprises 27 normal, 23 CIN1, 23 CIN2, 21 CIN3, 11 SCC and 12
microinvasive cervical tissue sections. This study was reviewed and approved by the

KKH ethics committee and Institutional Review Board (CIRB 2010/745/C).

3.3.2 Instrumentation and Image Acquisition

A time-resolved fluorescence measurement system incorporating a confocal laser

scanning microscope (LSM 510, Carl Zeiss, Germany) and a time-correlated single
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photon counting (TCSPC) system (SPC830, Becker & Hickl, GmbH) was used to image
the H&E stained cervical tissue sections. The schematic configuration of the FLIM

system is shown in Figure 3-1.

Confocal
Detector

Pinhole

Dicroic

Beamsplitter
Scan Galvanomeiter
Head Mirrors

T~ Scan Lens

Non-descanned

Detector

Microscope Lens

' = I Sample

Figure 3-1 Schematic configuration of the FLIM system [104] used in this work.

The confocal microscope is equipped with mode-locked Titanium (Ti): Sapphire laser
(Coherent Mira 900, 76 MHz, 200 fs) pumped by an 8 W solid state laser (Coherent,
Verdi). Although simple and cheap pulsed single photon excitation source such as laser
diodes (LD) and light-emitting diodes (LEDSs) are often used in TCSPC and lifetime
measurement, however, the pulse width of these lasers are in the range of picosecond to
nanosecond. While for our measured fluorescence lifetime of eosin, which binds with
tissue proteins, is not clear when we initiated the lifetime measurement. Therefore, Ti-

Sapphire laser with 200 fs pulse width was used to achieve best accuracy of lifetime
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measurement we could because it is desirable to have the laser pulse width much shorter
than the sample lifetime. The femtosecond Ti: Sapphire laser was tuned to a wavelength
of 760 nm for two-photon excitation (TPE). An excitation power corresponding to 10%
of the maximum laser power was used to minimize photodamage to the samples while
obtaining sufficient fluorescence emission photons. The continuous train of pulses from
the laser source was diverted by a dichroic beamsplitter to the galvanometer mirrors
before focusing on the sample via a scan lens and an objective (20 Fluar, Carl Zeiss,
NA = 0.75). The fluorescence emission was collected using the same objective lens.
Another dichroic mirror (KP685, Carl Zeiss) was used to direct the fluorescence
emission (400—-680 nm) to a fiber bundle which was connected to a PMC-100 detector.
The output signal from the detector was processed by the TCSPC module. Each lifetime
image was obtained with a scanning time of 60 s with spatial size of 256>256 pixels.
The spatial resolution is approximately 1.8 m per pixel and the fluorescence decay was
recorded within a time window of 10 ns and a temporal resolution of ~39 ps. Prior to
fluorescence lifetime imaging, white-light microscopy was first performed to locate the
identified ROIs. Confocal fluorescence imaging was then performed and objective-slide
distance was adjusted in order to obtain the best focus. This optimum objective-slide
distance was maintained when conducting the lifetime measurement to obtain the

maximum emission photons.

3.3.3 Data Processing

3.3.3.1 Lifetime Calculation and Feature Vectors

The fluorescence lifetime 7 is defined as the characteristic time that a fluorophore stays
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in the excited state. The lifetime calculations were performed using the commercial
SPClImage software (Becker & Hickl, Germany). To improve the signal-to-noise ratio
of the measured fluorescence decay profile, an averaged nine-pixel decay profile was
used for lifetime calculations. To accelerate the calculation, the threshold value was set
to 50 photons so that dark pixels were not processed for curve fitting. The instrument
response function (IRF) was estimated from the rising edge of the decay curve and a
double exponential model was used for the curve fitting. The double exponential model

of the fluorescence decay is of the form:
t t
I(t)=a,exp(——)+a,exp(——) (3-1)
31 P!

where 71 and 7 are the fluorescence lifetimes, and a; and a; are the fractional
contribution of each lifetime component. Figure 3-2 gives a generic plot for a double

exponential decay curve measured from TCSPC instrument.

Lifetime values, 71 and 72, were calculated using an iterative nonlinear least-squares
(NLLS) algorithm [105]. A false-colored lifetime image for every sample comprising
of 256>256 pixels was generated by assigning a color to the lifetime value of 7, at each
pixel. For each lifetime image, a mask in the epithelium corresponding to the identified
ROIls by our pathologist was manually drawn by visual inspection and the extracted

lifetime values from the pixels in the mask were exported.

Feature vectors comprising the mean, |4 and standard deviation, o, of the extracted

lifetime components in the ROI were calculated and used for classification.
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Figure 3-2 Measured fluorescence decay curve of PFBS30 Pdots (black line) and the

fitted double exponential decay function (red line) [106]

3.3.3.2 Classification with Extreme Learning Machine (ELM)

Discrimination of normal vs. precancerous (CIN1, CIN2, CIN3), high-risk (CIN2, CIN3)
vs. low-risk (normal, CIN1) and normal vs. abnormal (CIN1, CIN2, CIN3, SCC,
microinvasive) samples were made using the neural network ELM classifier. Compared
with other conventional computational intelligence classifiers based on neural networks,
such as the support vector machines (SVMs) and back-propagation (BP) methods [107],
the use of the ELM learning algorithm for a neural network provides a better
generalization performance and a much faster learning speed because parameters in the
network do not need to be iteratively tuned and all weights in the hidden nodes are

randomly generated [108].

In this work, a single-hidden layer feedforward neural network with 20 hidden nodes is
used. The ELM learning algorithm can be briefly described as follows [66]. Consider a
training set ¥ = {(Xi, ti) | Xi = [Xi1, Xi2, ..., Xin]" € R", ti = [tia, ti, ..., tim] e R™ i=1, ..., N}
where x;and ti specify the input lifetime feature vector of a ROl and the associated output
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target describing the pathological state, and N refers to the number of samples in the
training set while i specifies the sample index. The hidden layer output matrix H and the

output weight B of the neural network are calculated using the following steps:

1) Randomly assign input weight vectors a; and hidden node bias b, i = 1,..., L where
L is the number of hidden nodes. An L value of 20 was found to give maximum

accuracy in this study.

2) Calculate the output function of each hidden node g(ai, bi, X), i =1, ..., N and the
hidden layer output matrix H = [g(a1, b1, X), ..., g(ar, by, X)]. Here, g(ai, bi, X) =

1/(1+exp[-(air X +bi)]), ai and b; are in the range of [-1,1].

3) Determine the output weight, p = H*T where H" is the Moore-Penrose generalized
inverse of the hidden layer output matrix H [66] and H satisfies the equation Hp =
t, where B =[B1, ..., P]".

In this work, n specifies the number of attributes in the feature vector (j1and o) of a ROI

used for classification and therefore has a value of 2. On the other hand, m denotes the

two possible pathological states of a sample, e.g. normal or precancerous, and therefore

a value of m = 2 is used.

The output weight B of the neural network is firstly calculated based on the feature
vectors and their known target output in the training data set. This output weight p can
then be used to determine the output for the feature vectors in the testing set and
compared to their known target output to quantify the diagnostic accuracy of the neural
network ELM classifier. Cross-validation technique was applied to achieve unbiased

selection of training data and testing data. Basically, it randomly splits the whole dataset
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into training dataset and testing dataset. Training and testing data sets of equal sizes are
used to maximize the accuracy of ELM algorithm in this case. Hence, to discriminate
histologically identified normal vs. precancerous and high-risk vs. low-risk samples,
feature vectors from 47 randomly selected samples were chosen as training data while
feature vectors from the remaining 47 samples were used for testing. For the
discrimination of normal vs. abnormal tissues, 59 randomly selected feature vectors
were chosen as the training data while the remaining 58 feature vectors were used for
testing. A total of 1000 random sets of training and testing data were generated for
computation to reduce classification bias. For each set of randomly selected training
data and testing data, ELM is applied for classification. The diagnostic accuracy
(sensitivity and specificity) for each set of training data and testing data is then

calculated by comparing the ELM result with the histological identification.

The sensitivity and specificity are the two most important statistical measures to
evaluate a clinical diagnosis. The sensitivity refers to the ability to correctly identify
those patients with the disease and specificity refers to the ability to correctly identify
those patients without the disease [109]. The ideal target values for sensitivity and

specificity desirable in any test is 100% and 100%, respectively.

True Positives

Sensitivity = (3-2)

True Positives + False Negatives

o True Negatives
Specificity = (3-3)

True Negatives + False Positives
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True positive refers the patient has the disease and was diagnosed as positive while false
positive refers to the patient does not have the disease but was diagnosed as positive.
True negative refers to the patient does not have the disease and was diagnosed as
negative while false negative refers to the patient has the disease but was diagnosed as

negative.

Finally, the mean sensitivity and specificity from the 1000 sets of data were computed
accordingly for comparison. The ELM algorithm was implemented in Matlab with open
access code from the internet and minor changes were made to adapt to the case in our

study.

3.4 Results and Discussion

3.4.1 Measured Lifetimes of H&E Stained Cervical Tissue Sections

Figure 3-3 shows the fluorescence lifetime image of a typical H&E stained normal
cervical tissue and its corresponding fluorescence intensity image. Compared to the
intensity image, the lifetime image may provide additional contrast and more
information can potentially be extracted to study the tissue pathology. It is also observed
that the cell-rich epithelium region is quite distinct from the stroma region which is
composed of fibroblasts, smooth muscle cells and collagen [110]. The stroma and
epithelium are clearly separated by a visible boundary, which can clearly be seen in
Figure 3-3. The cell-rich epithelium region was studied to assess the feasibility of the
proposed quantitative fluorescence lifetime technique since most cervical cancers are

considered to originate from the epithelium [111].
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Figure 3-3 Fluorescence (a) intensity and (b) lifetime images of a typical H&E stained
normal cervical tissue section. The region towards the upper right is the stroma while
the region on the lower left is the cell-rich epithelium clearly separated by a visible
boundary. The false color scale bar in (b) represents fluorescence lifetime on a scale of

0 (red) to 2 ns (blue).

It was found that feature vectors of the larger lifetime component T2 displayed significant
difference while the smaller lifetime component t1 exhibited negligible distinction
among different cervical disease stages. The smaller lifetime component t1 was found
to have typical values of ~30 ps, which is within the response time of the measurement
system. Therefore, 11 is attributed to the scattered excitation light reaching the detector

during lifetime measurements.

To determine the origin of the larger lifetime component 12, the fluorescence spectra of
unstained and H&E stained cervical tissue sections were measured. The fluorescence
emission intensity from H&E stained tissue sections was found to be significantly higher

than those obtained from unstained tissue sections. The fluorescence spectra of the eosin
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solution was also measured and compared with that of H&E-stained tissue (result not
shown). Their fluorescence emission spectra are essentially overlapping with an
identical emission peak at ~554 nm, which is in good agreement with other reported
findings [101]. It was therefore concluded that the larger lifetime component 12 is due
to eosin. Since the lifetime component t1 did not exhibit any correlation to disease stages,
only the mean and standard deviation of 12 values from ROIs in the epithelium were

used for discriminations.

3.4.2 Normal vs. Precancerous and Low-Risk vs. High-Risk

Figure 3-4 shows the scatter plot of the feature vectors of the lifetime component 12 for
all cervical tissue samples collected in this work. It can be seen that normal tissues
generally have larger lifetimes ranging from 700 ps to 1300 ps while precancerous
tissues have smaller lifetimes of 400 ps to 870 ps. The overlapping region (700 ps to
870 ps) is mostly attributed to the CIN1 samples. Although many feature vectors of
CIN1 samples fall into this range, approximately half of them are located within the
lifetime interval 750 ps~870 ps. It can also be seen that most feature vectors from normal
tissues have larger mean lifetime values and are located in the lower right region of
Figure 3-4. By contrast, precancerous tissues exhibit smaller lifetime values and the

feature vectors are clustered in the upper left region of the figure.

The discrimination results for normal vs. precancerous and low-risk group vs. high-risk
group are shown in Table 3-1. The neural network ELM classifier is found to give a
concurrently high sensitivity of 92.8% and specificity of 80.2% when discriminating

between normal and precancerous cervical tissues (Figure 3-5a). A sensitivity and
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Figure 3-4 Scatter plot of feature vectors from epithelium lifetimes of histologically
normal (open symbol) and abnormal (filled symbols) cervical tissues including CIN1
(up triangle), CIN2 (diamond), CIN3 (star), SCC (down triangle), Microinvasive
(square). The horizontal axis represents the mean lifetime, |4 while the vertical axis

represents the standard deviation, o, of 2.

specificity of 85.0% and 87.6%, respectively, are achieved when differentiating low-

risk vs. high-risk cervical tissues (Figure 3-5b).

3.4.3 Normal vs. Abnormal

In cancerous cervical tissues (SCC and microinvasive), the abnormal cells have
penetrated through the basement membrane that separates the epithelium and the stroma.
Consequently, cancerous cervical tissues could be morphologically distinguished from

normal and precancerous cervical tissues.
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Table 3-1 Averaged sensitivity and specificity of discriminating normal vs.
precancerous and low-risk vs. high-risk samples. The results were computed from 1000

randomly chosen training and testing data sets using the neural network ELM classifier.

Tissue Type Normal vs. Low-Risk vs. High-Risk
Precancerous
Sensitivity 92.8% 85.0%
Specificity 80.2% 87.6%

Nevertheless, the fluorescence lifetimes of cancerous cervical tissues were also
investigated and comparisons with normal and precancerous tissues were made for
completeness. From Figure 3-4, it can be seen that the higher grade of dysplastic tissues
including CIN2, CIN3, SCC and microinvasive have lifetimes values of 400 ps to 870
ps. However, feature vectors of cancerous tissues are mixed with those from
precancerous tissues and they can hardly be distinguished from each other. Feature
vectors of these abnormal tissues (cancerous and precancerous) are located in the left
region while those of normal tissues occupied the right region of the plot. Consequently,
only classifications of normal vs. abnormal tissues were performed and the results are
illustrated in Table 3-2. It was found that the neural network ELM classifier achieved a

concurrently high sensitivity and specificity of 88.3% and 89.2%, respectively.

3.4.4 Comparison with other Screening Methods

It is obvious from the above results that the proposed fluorescence lifetime imaging

technique using the neural network ELM classifier can achieve good discriminations
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Table 3-2 Averaged sensitivity and specificity of discriminating normal vs. abnormal
samples. The results were computed from 1000 randomly chosen training and testing

data sets using the neural network ELM classifier.

Tissue Type Normal vs. Abnormal
Sensitivity 88.3%
Specificity 89.2%

among the different cervical disease stages. Table 3-3 compares the sensitivity and
specificity of diagnosing normal vs. precancerous cervical tissues using the proposed
lifetime technique as well as the other complementary diagnostic techniques reported in
the literature. As compared to the scattering spectroscopy, lifetime technique can
achieve a significantly higher sensitivity and specificity. Although the specificity of 81.1%
for reflectance spectroscopy is comparable to that of lifetime technique (80.2%), its

sensitivity of 72.0% is much lower than lifetime method (92.8%).

Table 3-3 Sensitivity and specificity of different supplementary screening methods in

differentiating normal and precancerous cervical tissues.

Screenng Method Sensitivity  Specifiaty
Scattering Spectroscopy’ 70.4% 66.7%
Reflectance Spectroscopy’ 12.0% 81.1%
Lifetime method 92.8% 80.2%
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3.4.5 Discussion

The study reveals that as the disease stage of cervical tissues progress from normal to
precancerous to cancerous, the lifetime component 1. decreases in value. It is the change
in this lifetime value that allows a discrimination decision to be made. The lifetime
component 12 was attributed to fluorescence emission of eosin in the H&E stained
sections. The value of 7 for all samples measured was found to range between 0.4 ns
and 1.3 ns. By contrast, the fluorescence lifetime range of eosin in different solutions
were reported to be between 1.4 nsto 3.7 ns [112], which is significantly larger than that
measured in this work. The observed lifetime shortening can possibly be attributed to
the binding of eosin molecules to tissue structures [83]. Since eosin stains the
intracellular proteins in the cytoplasm of the cervical cells, the changes in the associated
fluorescence lifetime as the cells progress from normal to abnormal appears to be related
to the biochemical changes in the cytoplasm. Further investigation is conducted and
demonstrated in chapter 6 to quantify the biochemical changes and the associated eosin
lifetime changes as cervical cells become abnormal. Understanding the underlying
mechanism to the biochemical changes in the cytoplasm may better aid the diagnosis

and treatment of cervical cancer.

Discriminations between low-risk (Normal, CIN1) and high-risk (CIN2, CIN3) cervical
samples are also conducted in this work due to its significant impact in clinical practice.
In patient treatment management, this two-tier grading system has much more practical
value as compared to the traditional normal and precancerous (CIN1, CIN2, CIN3)
classification [48]. Although cancerous and CIN samples are not distinguishable by
lifetime, they are easily distinguished from the normal and precancerous cervical tissues

in morphology. In cancerous tissues, abnormal cells have penetrated beyond the
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basement membrane into the underneath soft tissue and start to spread to other parts of

the body [113].

3.5 Summary

A quantitative method based on the FLIM technique to aid the traditional gold standard
histopathological diagnosis of cervical neoplasia was investigated. H&E stained
cervical tissue sections were measured with a time-resolved two-photon excitation laser
scanning fluorescence microscope and the corresponding lifetimes from the epithelium
regions were extracted. Feature vectors comprising the mean and standard deviation of
the eosin lifetime were used for discrimination with a neural network ELM classifier.
Averaged sensitivity and specificity of 92.8% and 80.2%, respectively, were obtained
when differentiating normal from precancerous (CIN1, CIN2, CIN3) tissues while a
sensitivity and specificity of 85.0% and 87.6%, respectively, were achieved when
distinguishing between low-risk (normal, CIN1) and high-risk (CIN2, CIN3) cervical

tissues. A shortened lifetime was also observed for cancerous cervical tissues.

Comparison with other screening methods such as scattering spectroscopy and
reflectance spectroscopy demonstrates that the proposed lifetime technique has the
advantage of achieving a concurrently higher sensitivity and specificity. Therefore, the
proposed method can provide an accurate and objective cervical diagnosis and can
potentially supplement the traditional gold standard histopahtological examinations.
Furthermore, the fast learning speed of ELM makes the classifier a potentially more
efficient tool when optimizing the neutral network with a huge training data set

containing multiple-component feature vectors in future applications.
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Chapter 4. EPITHELIUM LAYER ANALYSIS OF
FLUORESCENCE LIFETIME IMAGE FOR THE
ENHANCEMENT OF EARLY CERVICAL CANCER

DIAGNOSIS

4.1 Motivation

This work investigates the use of layer analysis method to study the fluorescence
lifetime images of H&E stained cervical tissue sections. In the previous chapter, the
mean and standard deviation of lifetimes in the region of interest (ROI) of cervical
epithelium were shown to provide diagnostic information that can supplement the
traditional histopathological examination of early cervical cancer. In this work, the
previously defined ROI was evenly divided into layers and mean lifetimes in the top
half epithelium were used as feature vectors for discriminations. It was found that the
proposed layer analysis technique could enhance the diagnostic accuracy and shorten

the calculation time.

4.2 Introduction

In Chapter 3, FLIM was used to image H&E stained cervical tissues sections and
demonstrated its capability to supplement the traditional histopathological examination
of early cervical cancer. Since the gold standard diagnosis of cervical precancer (CIN)
is based on the proportion of epithelium affected by neoplasia, this suggests that

diagnostic information might exist in the layered structures of cervical tissue sections.
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In this work, the diagnostic value in the layered structures of H&E stained cervical tissue
sections was investigated with FLIM. H&E stained cervical tissue sections classified
into categories of normal and cervical intraepithelial neoplasia (CIN1, CIN2, CIN3)
were used for fluorescence lifetime imaging and analysis. Lifetime values were first
analyzed on a 3-layer model following the standard cervical intraepithelial neoplasia
(CIN) diagnosis. Subsequently, epithelial regions of these cervical tissue sections were
divided into 10 equal layers and analyzed. The 10-layer model is based on the finding
that epithelium is generally composed of approximately 10 layers [42]. The basal layer,
which adheres to the basement membrane, is one cell thick. Above this layer are the
parabasal cells, which are two to three cells in thickness. These parabasal cells mature
and form the upper intermediate and superficial layer. Feature vectors comprising
lifetimes from different layers of the epithelial tissues were fed into the neural network
extreme learning machine (ELM) classifier [66, 102] depicted in the last chapter for

discriminations between normal and CIN.

It was shown in this work that there exist an optimal number of cervical epithelial layers
to consider in the analysis, at which the diagnostic accuracy is maximized. Interestingly,
the top half epithelium is identified as the effective zone for FLIM diagnosis with
concurrently high sensitivity and specificity. The obtained averaged accuracy is about

1.5 times better than those in whole-epithelium and 3-layer epithelium models.

4.3 Materials and Methods

4.3.1 Sample and Measurement

Out of the 94 samples used in Chapter 3, 32 H&E stained cervical tissue sections were
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selected and used for the analysis carried out in this chapter. Each chosen section has
clear stratified layers that facilitate layer analysis to be made for this study. These tissue
sections were pathologically examined by a senior consultant from the KKH and the
identified regions in the epithelium were classified as normal, CIN1, CIN2 and CIN3.
The sample set includes 10 normal, 8 CIN1, 6 CIN2 and 8 CIN3 cervical tissue sections.
All the samples involved have regular layered structure since diagnostic information

among these tissue layers is of interest in this study.

The FLIM measurement system used is the same as the one described in the previous
chapter [114]. A time-resolved fluorescence measurement system incorporating a
confocal laser-scanning microscope and a time-correlated single photon counting
(TCSPC) system was used to image the H&E stained cervical tissue sections. Each

image was captured with a spatial resolution of 256>256 pixels.

4.3.2 Cervical Epithelial Layer Definition and Feature Vectors

Epithelium regions in cervical lifetime images were divided into layers to analyze the
characteristics of the lifetime component 7, along the epithelial growth direction. Cells
in the epithelium grow and differentiate progressively in the direction towards the
epithelial surface. The basement membrane, a thin and noncellular region between the
epithelium and the neighboring stroma, forms a barrier to downward epithelial growth
and is only breached if epithelium undergoes malignant transformation [115]. The
structural difference in epithelium and stroma makes them clearly distinguished in
white-light and fluorescence lifetime images as shown in Figure 4-1. The basement

membrane is marked by a white dashed line L while the epithelial surface is outlined
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with another white dashed line M (Figure 4-1b). Epithelial thickness is defined as the
distance from a point on the epithelial surface to the basement membrane along the
direction normal to the basement membrane. The epithelium is divided into 3 and 10
equal thickness layers, respectively along the direction of tissue growth [42] for lifetime
analysis. The ROI in the epithelium for lifetime analysis is defined with equal width of
each divided layer. Figure 4-1c shows a typical cervical tissue section epithelium
divided into 10 layers. Layer 1 refers to the basal layer while layer 10 indicates the
superficial layer. The 3-layer model analysis is of great interest for diagnostic
comparison due to the classic definition of CIN, which is based on the thickness of
epithelium covered by neoplastic cells. On the other hand, the 10-layer model is used to
approximate the biological structure of a cervical epithelium, with its cellular maturity
increasing towards the epithelial surface. Thus, the 10-layer analysis model has the
advantage of evaluating the CIN cells as a function of their maturity level. Finally, the
mean () and standard deviation (o) of lifetime in each divided layer is calculated for

tissue classification.

4.3.3 Parameters in Extreme Learning Machine Classifier

Discriminations between normal and precancerous (CIN1, CIN2, CIN3) cervical tissues
were performed using the neural network ELM classifier described in the previous
chapter. In this work, the number of hidden node L was adjusted so that maximum
discrimination accuracy is achieved in this study. The total number of feature
components in each sample was specified by n. In the 3-layer analysis, pLand o from

layer 1 to layer 3 constitute a total of 6 feature components and thus n=6.
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Figure 4-1 Division of a typical H&E stained cervical tissue section epithelium into 10
layers and the corresponding ROI defined in the fluorescence lifetime image. (a) White
light image of the H&E stained tissue section (b) False color fluorescence lifetime image
with scale bar from 0 to 2 ns. Basement membrane is marked out by white dashed line L
and the epithelium surface is delineated by white dashed line M. (c) Pixels in each
divided layer were obtained by moving basement membrane pixels in the direction
perpendicular to the basement membrane towards the epithelial surface. Layers are

numbered incrementally from 1 to 10. Pixels in each divided layer constitute the ROI.
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The parameter m indicates the two possible pathological states of the cervical tissue
sample, i.e. normal or precancerous, and takes a value of 2. In ELM, the output weight
B of the neural network is first calculated based on the input feature vectors and their
known target output from the training data set. This output weight B was then used to
determine the output of the feature vectors in the testing data set and compared to their
known target output to derive the diagnostic accuracy. The corresponding accuracy was
evaluated in terms of sensitivity and specificity. To discriminate between histologically
identified normal and precancerous samples, cross-validation was applied. Feature
vectors from 16 randomly selected samples were chosen as training data while feature
vectors from the remaining 16 samples were used for testing. A total of 1000 random
sets of training and testing data were generated for computation. The resulting
sensitivity and specificity for each set of training and testing data were calculated using
the neural network ELM classifier. Finally, the mean sensitivity and specificity were
computed accordingly for comparison. Distinctions between low-risk (Normal, CIN1)
and high-risk (CIN2, CIN3) cervical samples were also conducted using the above

described parameters.

4.4 Results and Discussion

4.4.1 Lifetime Distribution in Whole Cervical Epithelium

Figure 4-1a shows the white-light microscopic image of a typical H&E stained normal
cervical tissue and Figure 4-1b shows the corresponding fluorescence lifetime image.
The cell-rich epithelium region was specifically investigated and diagnosed with FLIM
since cervical cancers mostly originate from the epithelium [111]. The diagnostic value

of mean (1) and standard deviation (o) of 2 distribution in the whole epithelium is first
64



explored for comparison with layer analysis. Normal samples were found to have larger
lifetimes in the range from 670 ps to 1000 ps while precancerous tissues have smaller
lifetimes distributed from 450 ps to 850 ps. On the other hand, normal samples have
lifetime o values distributed between 150 ps and 200 ps while precancerous samples
have lifetime o values in the range of 170 ps to 280 ps. This allows a discrimination to
be made between normal and precancerous cervical samples based on our previous work
[114]. The diagnostic accuracy of whole-epithelium analysis was assessed with the ELM
classifier, giving an averaged sensitivity of 62.2% and specificity of 52.3%. The
sensitivity and specificity obtained here (62.2%, 52.3%) is lower than the result
achieved in the previous chapter (92.8%, 80.2%). This is attributed to differences in

sample size between the two calculations [116].

4.4.2 Sample Size versus Diagnostic Accuracy

A sample size study was conducted to verify the reason for the differences in the
resulting diagnostic accuracy. Diagnostic accuracy was calculated by varying the
number of samples used for ELM classification. The feature vectors were based on the
mean and standard deviation of lifetimes from the manually selected ROI in epithelium
of cervical tissues. Sample size was varied from 32 to 94 and the corresponding
sensitivity and specificity were calculated and shown in Table 4-1. It can be seen from
the table that the sensitivity and specificity increases as the sample size increases and
finally reaches 92.8% and 80.2% respectively, as derived in the previous chapter. When
the sample size is 32, the sensitivity (58.4%) and specificity (56.5%) is comparable to
(62.2%, 52.3%) obtained in this work when pand o is from the lifetimes derived from

the divided layers.

65



4.4.3 Three-Layer Analysis of Cervical Epithelium Lifetime

Each cervical epithelium was divided into 3 layers and the associated t distribution
profiles were extracted and compared against the pathological stages for each layer (as
shown in Figure 4-2). A consistent trend of 12 shortening can be observed as cervical
tissue progresses from normal to CIN3, except for layer 1, where 12 only shortens when
the disease stage progresses from CIN2 to CIN3. The lifetime difference between
normal and CIN 3 samples was estimated to be 50 ps at layer 1, 80 ps at layer 2 and 100
ps at layer 3. Mean lifetime of 12 in each divided layers was used to form a 3-dimensional
feature vectors for ELM classification. The ELM classification result shows moderate
improvement in diagnostic accuracy with sensitivity of 81.1% and specificity of 39.6%
as compared to the results of whole-epithelium analysis. Standard deviation of the 1.
distribution was also investigated, but its varying trends (Figure 4-3) did not contribute
to any significant improvement in diagnosis and are therefore considered uncorrelated
to tissue pathology. The results indicate that feature vectors comprising only the mean

12 IS sufficient to achieve the same diagnostic accuracy.

Table 4-1 Sensitivity and specificity obtained by the selection of different size of samples
from 94 samples. Sample size was increased from 32 to 94 and corresponding sensitivity

and specificity was calculated using ELM classifier.

Sample Size Sensitivity Specificity
32 58.4% 56.5%
50 77.1% 77.1%
64 85.4% 76.4%
80 90.6% 76.3%
94 92.8% 80.2%
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4.4.4 Ten-Layer Analysis of Cervical Epithelium Lifetime

The distribution of 12 in the 10 divided layers of each sample was analyzed for the

various histological stages and presented in Figure 4-4 . Distributions of t2 in the first 5

layers (1-5) among normal and CIN samples were first compared.
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Figure 4-4 Distribution of mean lifetime t2 in lower half layers (CJ-layer 1, O-layer 2,

A-layer 3, V-layer 4, -layer 5) and top half layers (6-10) of epithelium as tissues

progress from normal to various CIN grades.
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Despite a consistent shortening of 2 in layers (3-5) as CIN progresses, the value of mean
12 change is below 70 ps when comparing normal epithelium with CIN 3 samples. By
contrast, the mean t2 distribution from layer 6 to 10 shows greater variation across
different pathological stages, with normal tissues exhibiting the longest lifetime. The
mean 12 Values in layer 6 to layer 10 were observed to consistently decrease as the tissues
progress to the precancerous stages. When comparison is made from layer 6 to layer 10,
the smallest lifetime variation of ~147ps is found at layer 6 while the largest change of
~245ps occurs in layer 10. Similar to the 3-layer epithelium analysis, the standard
deviation o of lifetime 12, with poor pathological correlation (Figure 4-5), was not

included into the feature vectors for tissue classification.

The mean 12 values of normal and precancerous (CIN1, CIN2, CIN3) samples in each
layer were also plotted in Figure 4-6 for comparison. Within each layer, certain amount
of differences between normal and precancerous samples was observed, thereby
providing differing degree of diagnostic information. It is desirable to have a suitable

combination of mean T2 values to improve the classification performance [117].

To investigate the optimal number of layers to take into account for maximum accuracy,
feature vectors comprising mean 12 values from successive layers, starting from layer
10, i.e. epithelial surface, to a lower layer (i.e layer 9) as the cut-off layer are studied.
For instance, a typical set of feature vectors with cut-off at layer 9 is 2-dimensional
containing mean t2 values from layer 10 and layer 9 while the cut-off layer is layer #6
results in a set of 5-dimensional feature vectors composed of mean > from layer 10 to
layer 6. The ELM classifier was used to make classifications between normal and

precancerous samples.
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different pathological states of normal, CIN1, CIN2 and CIN3 tissues.

The corresponding sensitivity and specificity as a function of the cut-off layer were
calculated and shown in Figure 4-7. It can be seen from the plot that when the cut-off

layer decreases from 10 to 6, the sensitivity increases slightly from 92.8% to 94.6%
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while the specificity rises sharply from 30.1% to 84.3%. Both the maximum sensitivity
and specificity occur at the cut-off layer of 6. When the cut-off layer decreases from 5
to 1, both sensitivity and specificity decrease greatly and finally drops to a low value of
55.5% and 51.4%, respectively. The overall maximum sensitivity (94.6%) and
specificity (84.3%) occurs when feature components 2 from layers (6-10) were used for
ELM classification. The proposed epithelium layer analysis with neural network ELM
classifier could achieve desirable discriminations between normal and precancerous
cervical tissues when multiple feature vectors from mean 12 values of layers (6-10) were
used. The optimum sensitivity and specificity obtained are 94.6% and 84.3%,
respectively. When p and o of lifetime t2 in the whole epithelium were used to diagnose
normal and precancerous cervical tissues, the resulting sensitivity and specificity is 62.2%
and 52.3%. Three-layer analysis consistent with the generic definition of CIN achieves

a sensitivity of 81.1% and specificity of 39.6%.
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vectors include mean 2 values successively from epithelial surface (layer 10) to a lower
layer as the cut-off layer. Optimum sensitivity (94.6%) and specificity (84.3%) were

concurrently found at the cut-off layer of 6.

Table 4-2 compares the diagnostic accuracies from the various analysis models used in
this work. The 10-layer analysis suggests that the top half epithelium (layers 6~10) is the
effective zone for FLIM diagnosis with concurrently high sensitivity and specificity. The
ELM classification result shows great improvement in overall diagnostic accuracy with
sensitivity of 94.6% and specificity of 84.3% in 10-layer analysis as compared to the
results of whole-epithelium and 3-layer analysis. The overall accuracy here was
calculated by taking the average of specificity and sensitivity and the overall accuracy is
about 1.5 times those obtained from whole-epithelium and three-layer analysis. In
addition, the computation time for data fitting and ELM classification was also halved as

compared to the whole-epithelium analysis that involves data fitting for the whole
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Table 4-2 ELM diagnostic sensitivity and specificity derived from various analysis

models.
Analysis Model Sensitivity Specificity
Whole epithelium 62.2% 52.3%
Three-Layer 81.1% 39.6%
Top 5 layers in Ten-Layer 94.6% 84.3%
model (layers 6-10)

epithelium. Lifetime data calculation by NLLS which is in the order of several minutes
is computationally intensive and contributes most significantly in the overall processing
time [118] while the ELM classification takes only tens of seconds with our system. All
ELM computations were carried out in Matlab 6.5 environment running in a Pentium 4,
1.9 GHZ CPU. Since only the top half epithelium is needed to derive mean 12 values, the
total processing time to calculate the lifetime data was decreased by two fold. The layer
analysis proposed in this work leads to a conclusion that FLIM diagnosis of top half

epithelium can achieve high diagnostic accuracy with the least computational cost.

4.45 Discussion

A 3-layer epithelium model was first studied for comparison with the standard 3-tier
histological grading system (CIN1, CIN2 and CIN3) which is based on the proportion of
epithelial thickness affected by neoplasia. Lifetime diagnosis with a 10-layer epithelium
model was also conducted and the resulting diagnostic accuracy was greatly improved
when using only the first 6 layers. This model was investigated because it best represents

the biological structure of cervical epithelium comprising 10 cellular layers with
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increasing maturity towards its surface. The classification result shown in Figure 4-7
identified the top-half epithelium (layers 6-10) as the most effective region for cervical
epithelium diagnosis. The improved diagnostic accuracy with the top-half epithelium
can possibly be attributed to the prominent interplay between cellular maturity and eosin
molecules. Normal cells are known to differ markedly from CIN cells in their ability to
differentiate [119]. Normal cervical cells can differentiate to mature specialized cells as
they grow upwards from the basement membrane to epithelial surface [120]. CIN cells,
on the other hand, remain immature (undifferentiated) and proliferate vertically with
increased abnormalities. It is evident in Figure 4-6 that mean 12 of normal cell rises
steadily from layer 1 to layer 10 where the cells are fully matured. By contrast, CIN
cells show gradual increase in mean 12 within the lower half epithelium and minimal
change in the top-half layers. The significant difference in mean 12 between normal and
CIN cells, driven by their differing maturity, therefore constitutes the prominent

diagnostic contrast in the top-half epithelium.

The shortening of 12 is also observed in “normal” unaffected layers of CIN1 and CIN2,
as defined by conventional grading system (Figure 4-4). For instance, while CIN1 cells
are in principle confined to the lower one-third epithelial layer according to standard
diagnosis, the shortening of 12 (indicating precancer development) is still observed in
the top-half epithelium. Hence, the shortening of 12 is not solely attributed to the
presence of immature CIN cells, but also to other possible abnormalities developed in
the upper epithelial layers. First, while CIN cells are most prominent in the lower
affected layers, abnormalities including increased mitotic activity and nuclear atypia can

be present at all layers [121, 122]. Secondly, human papillomavirus (HPV) infection, a
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main cause of CIN [123], can result in koilocytosis, a condition where squamous

epithelial cells have undergone structural changes in the top-half epithelium [124, 125].

Koilocytosis affects the cytoplasm of cells resulting in cellular changes and can be seen
by identifying nuclei surrounded by tiny halos under white light microscopy. Cellular
changes including morphological and biochemical changes are involved in the process
of cervical dysplasia or even malignancy [42]. Therefore, it is likely that early
abnormalities occurring in top-half epithelium involve cellular changes that can

contribute to lifetime change of eosin in the cytoplasm [114].

The incorporation of o of 12 in the feature vectors did not improve and may even
deteriorate the diagnostic performance, suggesting that ¢ is not an indicator of cellular
abnormalities. This can be explained from the fact that o illustrates the spread of the 12
values and thus the cellular homogeneity in each layer. In the 10-layer epithelium model,
each layer would encompass cells of similar types and maturity [120], which is

independent of pathological states.

Dimensionality reduction of the raw input variables to extract useful and relevant
features is an essential preprocessing step in the classification process [126]. It is
necessary to keep the input features concise to reduce computational cost [127] and
avoid performance degradation due to redundant and irrelevant features [128]. In this

work, ¢ and T2 of lower half epithelium were identified and omitted from analysis.

The origins of the biochemical changes and of the associated eosin lifetime changes as

cervical cells become neoplastic warrant further investigation. Understanding the
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underlying mechanism to the biochemical changes in the cytoplasm would lead to more
effective diagnosis and treatment of cervical cancer. The identification of the more
useful diagnostic information in the top-half epithelium suggests that efforts in
understanding the underlying biochemical process of cervical cancer development

should concentrate on the top-half epithelium.

4.5 Summary

Fluorescence lifetime images of cervical epithelium were divided evenly into multiple
layers in the tissue growth direction, perpendicular to the basement membrane, to study
the diagnostic value of each layer. In a 10-layer analysis, feature vectors comprising
divided layer mean lifetime 12 in the top-half epithelium (layer 6 to 10) were used for
discrimination by a neural network ELM classifier. Average values for the sensitivity
and specificity of 94.6% and 84.3% were obtained when differentiating normal from
precancerous (CIN1, CIN2, CIN3) tissues. On the other hand, the 3-layer analysis,
which uses feature vectors derived from mean lifetime of 2 in each of the three divided

layers, results in averag sensitivity of 81.1% and specificity of 39.6%.

The proposed technique has the advantage of achieving a concurrently higher sensitivity
of 94.6% and specificity of 84.3% than the sensitivity of 92.8% and specificity of 80.2%
obtained in whole epithelium analysis. In addition, analyzing only the top-half of the
cervical epithelium is computationally fast with significantly reduced lifetime
calculations as redundant feature components were eliminated. The proposed method
can provide more accurate and faster cervical diagnosis, which can supplement

traditional gold standard histopathological examinations. Furthermore, the reduction of
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the feature vector size makes the ELM classifier a potentially more efficient tool when

there is a need to analyze a large quantity of data in future applications.
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Chapter 5. DIAGNOSIS OF HAEMATOXYLIN AND
EOSIN  STAINED CERVICAL LIQUID BASED
CYTOLOGICAL SAMPLES USING FLUORESCENCE

LIFETIME IMAGING

5.1 Motivation

Liquid based cytological (LBC) Papanicolaou test, or better known as Pap smear, is a
common tool to screen for cervical intraepithelial neoplasia (CIN), a pre-invasive stage
of cervical carcinomas, and its use has resulted in a marked decrease in cervical
carcinoma mortality. However, the Pap smear screening has low sensitivity and
specificity. In addition, it requires highly trained personnel to screen the slides, making
it time-consuming, labor-intensive and expensive. In this work, a new screening
modality to supplement the automated screening and improve the accuracy of LBC Pap

smear diagnosis using FLIM technique is investigated.

5.2 Introduction

5.2.1 Liquid Based Cytological (LBC) Papanicolaou Test

Since the introduction of Papanicolaou (Pap) smear test in 1943 [129] to diagnose
precancerous lesions, tremendous success has been witnessed in the prevention of
cervical cancer. The underlying concept of the Pap test is to treat cervical cancer at its
early stage through detecting early cervical cellular changes. In the Pap smear, a

speculum is used to open the vaginal canal and cells are collected from the cervix for
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microscopic examination. Cytological cells are multichromatically [130] stained which
results in transparent cells for identification. Five dyes are involved in a classic Pap stain
[131]: haematoxylin stains cell nuclei crisp blue to black, orange G stains keratinizing
cells yellow, eosin Y stains superficial squamous cells orange to pink, light green SF
yellowish stains the cytoplasm of all other cells turquoise green to blue and bismarch
brown stains nothing and is often neglected. Morphological criteria are conventionally

being used to detect the presence of precancerous cells from the smear samples [132].

Squamous cell carcinomas represent most cases of cervical carcinomas and are
classified by a three-tier (CIN) or two-tier (Bethesda) cytological grading systems [133].
In the three-tier CIN grading system, CIN1 (moderate dysplasia) refers to cytological
cells with disproportionate nuclear enlargement in which the nucleus usually occupies
less than half of the cell area. In CIN2 (moderate dysplasia), the nucleus usually
occupies one-half to two-thirds of the total cell area. In CIN3 (severe dysplasia), the

nucleus would occupy at least two-thirds of the total cell area [42].

However, the conventional Pap test is not very accurate. A sensitivity of 47% and a
specificity of 60% are typically achieved [121, 134]. Therefore, the liquid-based
cytology (LBC) Pap test was introduced to improve the diagnostic accuracy. In LBC, a
fluid transport medium was adopted to preserve the collected cervical cells [135]. The
cell suspension is then processed, which results in a uniform, thin and even layer of
cervical cells. The LBC Pap test slide is clear, easier to read and obscuring factors such
as blood, mucus and debris are minimized. In addition, a larger number of representative
cells are obtained from the sampling device. Therefore, LBC enhances the sample

quality and increases microscopic readability that leads to an improved diagnostic
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accuracy. Many publications have indicated that LBC has improved accuracy in
diagnosing cervical neoplasia as compared to the conventional Pap smear [136]. A
sensitivity of 78% and specificity of 73.3% were reported with LBC from in the clinical

setup [137].

5.2.2 Drawbacks of LBC and Automated Screening Systems

In LBC diagnosis, cervical cell collection, staining and slide preparations are followed
by slide reporting. In the final reporting stage, an experienced cytopathologist is required
to examine the slide and make a decision if it is normal or neoplastic [135]. However,
disease reporting is resource demanding. To deliver reliable and efficient diagnosis,
highly educated and proficiently trained personnel are indispensable. A long training
period of up to 24 months is required for cytopathologists and extensive theoretical and
practical training are involved. In addition, the number of neoplastic cells is very small
as compared to normal cells. A typical LBC slide could have nearly 100,000 cells and
more than 90% of the cells are normal [133]. It is therefore a challenging task to search
for the small number of precancerous cells for diagnosis. Under 10> magnification,
approximately 1000 fields of view are scrutinized to accomplish one slide examination.
An average of 5-10 minutes are required to inspect a single slide [138] and fatigue risks
are always present [139]. All these drawbacks make LBC screening time-consuming,

labor-intensive and inaccurate [140].

Many automated screening systems with image processing modules have been

developed to overcome these challenges [141-145]. Cytological slides were
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automatically fed into the screening system, automatically focused and imaged. Features
such as nuclear size, optical density, nuclear density, nuclear shape, cytoplasmic area
and nuclear/cytoplasmic ratio and even chromatin were extracted from cell images to
make predictions. However, only morphological features were used to describe
cytological cells. There are many issues existing in the image segmentation, which is a
crucial stage in the image processing guided diagnosis. For example, thresholding value
based grayscale segmentation could not solve the problem arising from staining
intensity variation [146]. Although more complicated and refined approaches have been
developed to address these problems [147-149], none of these techniques are as effective
as human eyes. One important reason is attributed to the staining conditions, which can

affect the accurate detection of the nucleus and cytoplasm.

5.2.3 FLIM Diagnosis of H&E Stained Cervical LBC Samples

Biochemical information, which is an important parameter to make accurate diagnostic
assessment [150], is rarely studied to describe the different stages of Pap cells. The
results obtained in Chapter 3 showed that FLIM is especially useful for characterizing
the biochemical changes in cervical tissues. In addition, FLIM is independent of staining
intensity artefacts, which makes it a potential tool for Pap cell imaging and automated
screening. In this chapter, a new screening method to improve the accuracy of automated
LBC Pap smear diagnosis using FLIM technique is investigated. Eosin lifetime from
cellular regions was used as a feature vector and fed into a neural network ELM
classifier for discrimination. A concurrently high sensitivity of 92.6% and specificity of

71.2% were achieved in diagnosing precancerous cervical cells. This preliminary study
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suggests that the proposed method could supplement and improve the automated

screening of cervical LBC samples.

5.3 Materials and Methods

5.3.1 Sample Set

A total of 46 H&E stained cervical liquid based cytological slides from KK Women's
and Children's Hospital (KKH), Singapore were collected for the FLIM imaging and
analysis conducted in this work. Slides for selected cases were processed from LBC
vials according to the ThinPrep™ protocol and stained with only H&E. These
cytological slides were pathologically examined by a senior consultant from KKH and
the identified cervical cells on the slides were classified as normal, CIN1, CIN2 and
CIN3. The sample set includes 20 normal, 12 CIN1, 6 CIN2 and 8 CIN3 cervical
cytological slides. Each identified single cell or a cluster of non-overlapping cells was
defined as a region-of-interest (ROI). A total of 74 ROIs were identified for

investigation.

5.3.2 Imaging Protocol and Lifetime Calculation

The H&E stained cervical cytological slides were imaged with the FLIM system
described in the previous chapter [114]. The excitation power was adjusted to 20% of
its maximum output. Since cellular structures on cytological slides were studied, a 40
magnification objective lens was used to focus the scanning beam and to collect the
emission light. Each lifetime image was obtained with a scanning time of 60 s and the

three-dimensional image size (x, vy, t) was fixed at 256>256>256 pixels. The spatial
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resolution is approximately 1 pm per pixel and the fluorescence decay was recorded

within a time window of 10 ns and a temporal resolution of ~39 ps.

A double exponential model of the fluorescence decay was used for curve fitting.
Lifetime values, 71 and 72, were calculated using an iterative nonlinear least squares
(NLLS) algorithm. The longer lifetime component > distribution was found to generate
notable diagnostic contrast among various cervical cancer stages. On the other hand, the
shorter lifetime component 71 with a typical value of ~30 ps and was attributed to
instrumental response time and has no correlation to tissue cytopathology. A false-
colored lifetime image consisting of 256>256 pixels was generated by mapping a

specific color to the lifetime value of 7, at each pixel.

5.3.3 Cervical Whole Cell and Cytoplasm Analysis

Lifetimes from cervical cytological slides were analyzed in both whole cells and
cytoplasmic regions. The cytoplasmic region lifetime was studied because lifetime in
the nucleus region might contribute significantly to the overall whole cell lifetime and
bias the overall lifetime. It has been determined in Chapter 3 that the lifetime 1.
originates from eosin which stains the cytoplasmic region of a cell. In addition, the
nucleus occupies half or even more than two thirds of the total cell area in neoplastic or
dysplastic cells [42]. It is important to eliminate the impact of nucleus lifetime before

discriminations are made since cellular level structure is specially investigated.

Figure 5-1 shows the regions identified for whole cell and cytoplasmic analysis. In

whole cell analysis, mean () and standard deviation (o) of 2 were calculated from the
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Figure 5-1 A typical fluorescence lifetime image of H&E stained cervical cytological

slide with a CIN1 ROI segmented. The pink arrow indicates the ROI. (a) Whole cellular

region segmented, (b) nucleus region segmented.

lifetime values exported from the overall cellular region which include the nucleus and
cytoplasm as depicted in Figure 5-1a. In the cytoplasm analysis, lifetimes determined
from the nucleus (Figure 5-1b) were excluded from the whole cell lifetimes, and mean
and standard deviation of of 1> were calculated from the remaining lifetimes in the

cytoplasm.

5.3.4 Feature Vector and Parameters in Extreme Learning Machine Classifier

The mean t for a whole cell was used as a feature vector for classification.
Discriminations between normal and precancerous (CIN1, CIN2, CIN3) cervical

cytological samples were performed using the neural network ELM classifier described
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in chapter 3. To achieve the maximum discrimination accuracy, the number L of hidden
nodes was adjusted. The total number of feature components in each sample was
specified by n. In this work, only mean t> was used as a feature vector and thus n=1. The
parameter m indicates the two possible pathological states of the cervical tissue sample,

i.e. normal or precancerous, and takes a value of 2.

Cross-validation was applied to discriminate between histologically identified normal
and precancerous samples. The feature vectors from 37 randomly selected samples were
chosen as training data while the feature vectors from the remaining 37 samples were
used for testing. 1000 random sets of training and testing data were generated for
computation. The resulting sensitivity and specificity for each set of training and testing
data were calculated using the neural network ELM classifier. Finally, the mean

sensitivity and specificity were computed accordingly for comparison.

5.4 Results and Discussion

5.4.1 Measured Lifetimes of H&E Stained Cervical Cytological Slides

The fluorescence emission spectra of the five Pap stain dyes were measured and only
eosin Y was found to give fluorescence (Figure 5-2). Therefore, only haematoxylin and
eosin were used for Pap cell staining. Figure 5-3a shows a white-light microscopic
image of a typical H&E stained CIN2 cervical cytological slide and Figure 5-3b shows
the corresponding fluorescence lifetime (t2) image. Besides the three CIN2 cells shown
in the white-light image, the other larger cells are normal squamous epithelial cells.
These normal cells have tiny dark nuclei and pinkish cytoplasm with low

nuclear/cytoplasmic ratio. Endocervical cells are also present in the slide, which is proof
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Figure 5-2 Emission spectrum of eosin Y (blue line shows the background dark photon
counts) collected at the wavelength range of 380 nm to 715 nm. The excitation

wavelength is 760 nm at two-photon excitation.

of a good quality sample collection. Endocervical cells are seen in sheets and groups or
loosely associated. The cytoplasm is delicate and the nuclei are rounded. The chromatin
pattern is fine with one or more small nucleoli. As compared to Figure 5-3a, it can be
seen from Figure 5-3b that some cells have no fluorescence lifetime. This is due to the
overlapping of cells so that they are out-of-focus during FLIM measurement. The
negligible fluorescence collected from the out-of-focus regions was excluded from
lifetime calculation since a threshold value of 50 photons was set. Mean of the lifetime
12 from the ROIs was used as a feature vector for discrimination. distribution of
cytological whole cells from the cervical samples used in this work. It can be seen from

the figure that normal cells generally have smaller mean lifetimes
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5.4.2 Lifetime Distribution in Cervical Cytological Whole Cells

Figure 5-4 shows the scatter plot of mean and standard deviation of lifetime 1

(@) (b)

Figure 5-3 A typical H&E stained CIN2 cervical cytological slide with three ROIs

defined, each ROI containing one of the three cells outlined by red lines. (a) White
light image of the H&E stained cytological slide. The Blue arrow points to a typical
normal squamous epithelial cell and the yellow circle illustrates some endothelial

cells (b) False color fluorescence lifetime image with scale bar from 0 to 2 ns.

ranging from 650 ps to 950 ps while precancerous cells have lifetimes of 800 ps to 1150
ps. It is also observed that standard deviation of lifetime 1> appears to be featureless.
Both the normal and precancerous cells exhibit similar standard deviation ranging from

75 ps to 425 ps.

To better visualize the distribution of mean and standard deviation values of to, their

respective distribution profiles were plotted against the cytological stages and shown in
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Figure 5-4 Scatter plot of feature vectors from whole cell lifetimes of cytopathologically

normal (/) and precancerous cervical samples including CIN 1 (@), CIN 2 (®) and

CIN3 (A).

Figure 5-5 and Figure 5-6. In the mean 1> distribution profile (Figure 5-5), a consistent
trend of lengthening was observed as cytological cells progress from normal to CIN3,
except for CIN2, where 12 has a very slight decrease when disease stage transits from
CIN1 to CIN2. The mean value of 72 0f CIN (CIN1, CIN2 and CIN3) is on average ~150
ps larger than that of normal samples. The distribution for the standard deviation of 1>
distribution was also investigated (Figure 5-6), but it did not show any distinction
between normal and CIN samples. The standard deviation of t, generally has an
averaged value of ~220 ps and the maximum difference of ~25 ps is observed between
those of CIN1 and CIN3. Therefore, it was concluded that standard deviation of 12 is

featureless and uncorrelated to cervical cytopathology.
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Figure 5-5 Distribution of mean 7> in cervical cytological whole cells among different
cytological states of normal, CIN1, CIN2 and CIN3 slides with error bar. Here, the
mean . for each cytological state was calculated from the 74 ROIs originated from 20

normal, 12 CIN1, 6 CIN2 and 8 CIN3 cytological slides.
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Figure 5-6 Distribution of ¢ of > in cervical whole cells among different cytological

states of normal, CIN1, CIN2 and CIN3 slides with error bar.
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The results indicate that feature vectors should not include the standard deviation of 1>
for classification and therefore only mean t> was used for discrimination in the

subsequent analysis.

5.4.3 Lifetime Distribution in Cervical Cytological Cell Cytoplasm

Figure 5-7 shows the mean t. distribution profile in cervical cell cytoplasmic regions
against various cytological stages. It can be seen from the figure that the distribution
profile is highly consistent with the profile derived in cytological whole cell regions
(Figure 5-5). The biggest difference occurs in CIN2 where the mean 12 exhibits a ~13 ps
decrease in the cytoplasmic analysis as compared to the whole cell analysis (Table 5-1).
In addition, a similar shortening trend was observed as cytological cells progress from

normal to higher grade of dysplasia.

The distribution of the standard deviation of 7> measured from the cytoplasm region was
also investigated and a similar result was obtained. The standard deviation of 1.
distribution in the cytoplasm shows a highly consistent result with those from the whole
cell lifetime distribution. Since it does not carry any diagnostic information to

distinguish normal and CIN samples, it is not included in the discrimination algorithm.

5.4.4 Discrimination Result Using Extreme Learning Machine Classifier

The discrimination results for normal vs. precancerous cervical cytological samples with
the proposed method are shown in Table 5-2 and compared with the reported visual
inspection of LBC in clinical situations.
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Figure 5-7 Distribution of mean 7> in cervical cytological cytoplasm among different

cytological states of normal, CIN1, CIN2 and CIN3 slides with error bar.

Table 5-1 Values of mean 7, calculated from cervical whole cell and cytoplasmic regions

among different cytological stages of normal, CIN1, CIN2 and CIN3

Analysis Method Mean 12 (ps)
Normal CIN1 CINZ2 CIN3
Whole Cell 799.6 9415 900.4 1025.6
Cytoplasmic 799.3 937.1 9134 1026.6
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The neural network ELM classifier achieved a concurrently high sensitivity of 92.6%
and 71.2%, respectively. As compared to visual inspection in clinical LBC settings, a
significant improvement of sensitivity (92.6%) could be achieved with the proposed

FLIM technique used in this work and the specificity is not compromised.

Table 5-2 Averaged sensitivity and specificity of discriminating normal vs.

precancerous cervical cytological samples derived from different screening methods.

Screening Method

Proposed FLIM Visual Inspection
Sensitivity 92.6% 78.0%
Specificity 71.2% 73.3%

5.4.5 Discussion

This work reveals that the fluorescence lifetime from H&E stained cervical LBC cells
could be used to distinguish normal and precancerous cells. As the disease stage
progresses from normal to CIN3, the mean of lifetime component t2 shows an increasing
trend. This trend allows a discrimination to be made between normal and neoplastic
cells. At first glance, the work presented in this chapter is similar to those carried in the
previous chapters where lifetimes from H&E stained cervical tissue sections were used
for discriminations. However, the scientific implication is significant. Cellular
information rather than histological information was utilized to make the diagnosis. The
Pap smear cytological diagnosis refers to an earlier identification of precancerous

lesions as compared to histology, which is conducted following an abnormal Pap smear
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diagnosis for a definitive diagnosis. Cytological diagnosis, however, helps determine
the subsequent diagnostics steps and reduce the unnecessary biopsies [151]. In addition,
the cytological smear test is less invasive and no pain is caused while histology is

invasive and bleeding can be excessive [152].

Since only cervical cellular contents were studied in this chapter and the studied
fluorescence lifetime component 12 originates from the eosin stained cytoplasmic region,
whole cell and cell cytoplasmic lifetime were analyzed respectively, to explore the
impact of the nucleus region on the measured lifetime 2. In general, there should not be
any fluorescence from the nucleus since the eosin stains the cytoplasm and the
haematoxylin stains the nucleus. Haematoxylin does not give any fluorescence while
eosin is the fluorescing fluorophore. However, a small quantity of eosin can be present
in the nucleus during the staining process [153] resulting in fluorescence emission from
the nucleus. It is concluded from the results that the nucleus fluorescence lifetime
presents only a negligible contribution to the overall whole cell fluorescence lifetime.
Moreover, measuring only the cell’s fluorescence lifetime supplements in a
complementary way to the work conducted in the previous two chapters when
fluorescence lifetimes from whole cell tissue sections were used for discriminations.
The results obtained in this chapter support the conclusion that these lifetimes are

representative of the cytoplasmic regions in which they originate.

The conventional Pap smear screening is conducted by cytotechnologists, who examine
the cell samples for signs of malignancy under a light microscope. A typical of about
one year of specialized training is required for a hospital laboratory cytotechnologist. In

many hospitals, the Pap smear sample is examined by a cytopathologist and finally
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confirmed by a medical doctor specializing in cellular pathology. The time required for
the examination of a Pap slide is on average 5-10 minutes, although there might be
variations on how difficult the sample is. However, due to the hazards of fatigue, a
cytotechnologist should not work more than 7 hours a day and analyze no more than 70
samples [154]. While for our proposed new approach, once the sample is loaded, it
could automatically image the whole slide, analyze the images and conduct
classifications with the aid of computer aided algorithms. The technique is supposed to
save time if it is successfully translated. In addition, highly trained personnel are
replaced by standardized machines which could be easily replicated and promoted in

developing countries where specialized personnel are not available.

It was also found that the fluorescence lifetime component > increases when cells
progress from normal to CIN3, which is inconsistent with the trend observed in H&E
stained tissue sections. In the tissue section analysis, a decreasing trend in mean 12 was
obtained. This may be due to the sample preparation process and is further investigated

in Chapter 6.

5.5 Summary

H&E stained cervical LBC cells were studied using fluorescence lifetime imaging. The
resulting lifetime images were processed to extract the lifetime values for whole cell and
cytoplasmic regions for analysis. The results show that the whole cell fluorescence
lifetime distribution is highly similar to the cytoplasmic one. The mean lifetime
component T2 in the whole cell region was used to differentiate between normal and

precancerous cells. High sensitivity and specificity of 92.6% and 71.2%, respectively,
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were achieved. This sensitivity is significantly higher than that of visual inspection of
LBC samples while the specificity is comparable. In addition, biochemical information
derived from the fluorescence lifetime is independent of staining intensity artefacts and
could be used in automated LBC screening. This can overcome the segmentation
problems introduced by staining intensity variations. The proposed method can
supplement the automated screening and improve the accuracy of the LBC Pap smear

diagnosis.
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Chapter 6. INVESTIGATION OF THE BIOCHEMICAL
ORIGINS OF EOSIN FLUORESCENCE LIFETIME

DIFFERENCES IN CERVICAL PRECANCER

6.1 Motivation and Introduction

Fluorescence lifetime imaging microscopy (FLIM) has been demonstrated in the
preceding chapters to be an effective methodology to characterize the H&E stained
cervical tissue sections and liquid based cytological (LBC) Papanicolaou smears. The
characteristic decay rate of the excited state fluorophore eosin, which stains the
cytoplasm, was used to discriminate cervical precancer at different stages. However, the
underlying biochemical mechanism that leads to the observed fluorescence lifetime
differences is not elucidated. In this chapter, we aim to develop a hypothesis to relate

cervical cancer progression to the associated fluorescence lifetime changes.

In previously reported study, commonly existing proteins, which include bovine serum
albumin (BSA), poly-L-arginine, poly-L-histidine, poly-L-lysine and poly-L-
tryptophan were used to simulate the proteins in cervical cytoplasm [155]. These
proteins were mixed with eosin Y, which is the only fluorophore involved in the H&E
staining of cell cytoplasm [156, 157] to form the protein-dye complex. The pH level in
the protein-dye complex solutions was varied to simulate cellular biochemical
environments associated with early cervical cancer since changes in the cellular pH
value is often associated with cancer progression [158, 159]. Fluorescence lifetime

originating from the protein-dye complex under different pH values were measured and
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compared. It was found that as tissue pH value decreased, the fluorescence lifetimes of
poly-L-arginine and poly-L-lysine also decreased compared to the value of their
respective protein-dye complex. This could well explain the shortening lifetime

obtained in FLIM diagnosis of H&E stained tissue sections.

By contrast, this is contradictory with the fluorescence lifetime lengthening trend
acquired in FLIM diagnosis of LBC cells. The sample preparation protocols of both
methods were scrutinized for both methods and xylene was found to be used in the LBC
cells preparations but not used in tissue section preparations. Xylene was identified as a
key chemical that might cause the different trend of lifetime changes in LBC samples.
This is based on the conclusion that the presence of fluorophore solvent affects its
excited state decay rate [160, 161]. Xylene was thus added to the protein-dye complex
solutions and lifetimes were measured under different pH values. It was found that as
tissue pH value decreased, offer the addition of xylenes, the lifetimes of poly-L-histidine
and poly-L-lysine increased compared to the value of their respective protein-dye
complex. The results are consistent with the lifetime lengthening trend obtained in FLIM

diagnosis of H&E LBC cells.

6.2 Material and Methods

6.2.1 Reagents

Eosin Y powder was purchased from Merck (Germany) and BSA Powder was obtained
from Sigma-Aldrich (USA). Poly-L-amino acids, which include arginine, histidine,
lysine and tryptophan, were procured from Sigma-Aldrich (USA). Acids and all other

reagents used in this work were of analytical grade and were acquired locally.
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6.2.2 Preparation of Solutions

Eosin Y stock solution was prepared as follows: eosin Y powder was firstly dissolved
into 100 ml water and 50 ml was taken out from the solution and mixed with 395 ml of
95% alcohol. Another 2 ml of acidic acid was subsequently added to make the color of
eosin Y solution brighter for better staining effect [162]. 1 ml eosin Y stock solution was
then diluted with 10 ml 95% alcohol so that the concentration of eosin Y solution in the
test assay was set to 0.1% (0.1 g/100ml). BSA was dissolved in 0.15 M NaCl and poly-
L-tryptophan was dissolved in dimethyl sulfoxide (DMSQO). Poly-L-arginine, ploy-L-
histidine and ploy-L-lysine were dissolved in distilled water. The working concentration

of BSA and all poly-L-amino acids was 1 mg/ml.

6.2.3 Absorption Spectrum of Protein-Dye Complex Solution

Since eosin Y and protein binds electrostatically [163], the amount of protein-dye
complex is proportional to the amount of proteins involved in dye bindings. To ensure
that every measured lifetime originated only from the individual protein-dye complex

formed, the absorbance spectrum of the complex was measured. In chemistry,

absorbance is defined as: = logloj—‘l’ . A'is the absorbance, lo refers to the incident light
intensity while 11 refers to the output light intensity.1 ml of eosin Y solution was firstly
added to a disposable cuvette and varying amounts of protein were added for dye binding.
The absorbance spectrum was measured with a spectrofluorometer (Fluorolog-3, Jobin

Yvon) in the wavelength range from 400 nm to 650 nm. The reagent blank solvent is 95%

alcohol.
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6.2.4 Fluorescence Lifetime Measurement

BSA and individual polyamino acids were first pipetted into disposable centrifuge tubes.
1 ml eosin Y solution was then added to each of these centrifuge tubes and mixed for
more than 2 minutes to form stable water-soluble protein-dye complex [164]. These
mixed solutions were then transferred to a concave glass slide by a pipette and mounted
with a coverslip for lifetime measurement (Figure 6-1). The same fluorescence lifetime
measurement system was used and the parameter configurations are the same as those
described in chapter 3 [114]. Lifetimes from three different regions on a slide were
measured to ensure consistency of results. Since the protein-dye complex is less stable
after 60 minutes of formation [164], all measurements were completed within 1 hour

after complex formation.

To measure the effect of pH on the lifetime of protein-dye complex in the mixed solution,
0.13 M HCL, 1 g/ml NaOH and 10 g/ml NaOH were used to vary the pH values.
Corresponding lifetimes were measured at a wide range of pH values. When neither was
added, the pH value was measured to be 6. A pH=2.06 was achieved by adding 13.34
A HCL and 13.34 i 1 g/ml NaOH was then added to increase the pH value to 3.96.
While another 13.34 i 10 g/ml NaOH was added to increase the pH value to a value of

8.35.

To determine the interference of solvent to protein-dye complex lifetime, 3.33 l of
xylene was added and lifetime values were measured under various pH values. The pH
of xylene is neutral (pH=7.04) and does not affect the overall pH value of the mixed
solution. The same amount of HCL and NaOH were added to adjust the pH values to

the corresponding values.
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Fluorescence lifetime calculations were conducted using SPCImage software (Becker
& Hickl, Germany). The measurements were then fitted to extract the lifetime values to

a fluorescence decay model with NLLS algorithm.

Figure 6-1 Fluorescence lifetime measurement of a typical BSA and Eosin Y mixed
solution. The solution is stored in the cavity of the glass slide and a cover slip was

mounted on top of the cavity.

6.3 Results and Discussion

6.3.1 Absorbance Spectrum of Dye Protein Complex

Figure 6-2 shows the absorbance spectrum of eosin Y and poly-L-arginine complex
measured at pH=2.06. Before arginine was added, eosin Y exists in the neutral form

[163] with absorbance maximum at ~485 nm. As arginine was added, a new absorbance
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maximum starts to appear. The absorbance maximum was found at 530 =2 nm and the
peak value of the absorbance maximum increased as arginine volume increases. The
increase of absorbance maximum is attributed to the formation of a new protein dye
complex [163]. Similar spectra of BSA and other poly-L-amino acids were obtained.
Except for tryptophan, the absorbance of the protein-dye complex increases with the
volume of BSA or poly-L-amino acids. When the same volume of protein was added,
BSA showed the highest protein-dye complex amount while lysine had a much lower
amount. For tryptophan, the absorbance value remained constant when the protein
amount was increased from 50 A to 400 |, suggesting that there was minimal complex

formation.

Absorbance

T T T T I f 1
400 450 500 550 600 650
Wavelength (nm)

Figure 6-2 Absorbance spectrum of dye-protein complex obtained at various poly-L-
arginine volumes with a concentration of 1 mg/ml at pH 2.06. (a) 25 | (b) 50 i (c) 100
M (d) 150 i (e) 200 i (f) 250 A (g) 300 A (h)350 A (i) 400 (A (j) O . All spectrums

were recorded against 95% alcohol.
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Figure 6-3 Absorbance of the dye-protein complex produced by increasing the volume

of BSA (M), poly-L-arginine (®), poly-L-histidine (&), poly-L-lysine (¥) and poly-L-

tryptophan (@) with a concentration of 1 mg/ml at pH 2.06. The absorbance was

recorded at 532 nm.

From Figure 6-3 a horizontal line with a constant absorbance value of 1 was randomly
selected to intersect with the complex absorbance curves and the corresponding protein
volume (Table 6-1) was calculated. A volume of 200 i of poly-L-tryptophan was used

for protein binding and the corresponding lifetime was measured for comparison

6.3.2 Fluorescence Lifetime Values at Different Solution pH values

Fluorescence lifetime measurements were obtained for various protein-dye complex

solutions under pH values of 2.06, 3.96, 6 and 8.35.
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Table 6-1 Binding proteins and their corresponding volumes at pH 2.06

Binding Proteins Volume (L)
BSA 140.6
Poly-L-Arginine 181.1
Poly-L-Histidine 188.3
Poly-L-Lysine 223.2
Poly-L-Tryptophan 200

It can be seen from Figure 6-4 that the protein-dye complex of arginine and lysine are
sensitive to solution pH values. Take poly-L-arginine as an example, eosin-arginine
complex solution appears light orange under pH=2.06 and moderate pink under
pH=8.35. This suggests that some functional groups of the protein-dye complex might

have changed with the solution pH values.

The corresponding lifetimes of protein-dye complex under different pH values are
shown in Table 6-2 . It is observed that when BSA, histidine and tryptophan bind with
eosin Y the resulting lifetimes have lesser changes when pH values vary. Generally, the
lifetime changes in these three proteins are between 100 ps to 300 ps. On the other hand,
when arginine and lysine bind with eosin their lifetimes change significantly with pH
values. When the pH value changes from 2.06 to 3.96, the lifetime changes of arginine
and lysine are 546 ps and 976 ps, respectively. As the pH value increases from 2.06 to
6, BSA, histidine and tryptophan exhibit an increasing trend in lifetime values and then

decrease when pH increases from 6 to 8.35.
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(a) (b)
Figure 6-4 Protein-dye complex solutions obtained under different pH values (a)
pH=2.06 (b) pH=8.35. Dye complex produced from BSA, poly-L-arginine, ploy-L-
histidine, poly-L-lysine and poly-L-tryptophan are stored in centrifuge tubes (from left

to right) shown in both images.

Table 6-2 Fluorescence lifetime of protein-dye complex solutions with pH varying from
2.06 to 8.35. The proteins include BSA, poly-L-arginine, poly-L-histidine, poly-L-lysine
and poly-L-tryptophan. Every lifetime is calculated from an average of three randomly

chosen regions on an imaging slide. Error is calculated to be within +20 ps.

pH Fluorescence Lifetime (ps)
BSA Arginine Histidine Lysine Tryptophan
2.06 1728 1638 1652 1701 1743
3.96 1856 1093 1716 724 1648
6 1926 1187 1971 784 1929
8.35 1813 1357 1745 1176 1853
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Figure 6-5 Scatter plot of fluorescence lifetime of protein-dye complex solutions with
pH varying from 3.96 to 8.35. The proteins include BSA (m), poly-L-arginine (@), poly-

L-histidine (A), poly-L-lysine (¥) and poly-L-tryptophan ().

For arginine and lysine, however, the corresponding lifetime values undergo a sharp
decrease (up to 1000 ps) when pH increases from 2.06 to 3.96 and then continues to
increase as pH increases from 3.96 to 8.35. To better visualize and analyze the lifetime
change trend, fluorescence lifetime of protein-dye complex solutions under pH values

from 3.96 to 8.35 were plotted in Figure 6-5 for comparison.

6.3.3 Fluorescence Lifetime Values in solutions with added Xylene at Different

pH values
Xylene was added to the protein-dye complex solution and the resulting fluorescence
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lifetimes for the pH values of 3.96, 6 and 8.35, respectively, were obtained and are listed
in Table 6-3 and illustrated in Figure 6-6. It can be seen that, the protein-dye complex
lifetimes change significantly for all proteins except poly-L-arginine, which has only a
slight decrease of ~100 ps as compared to the case where xylene was not added. For
poly-L-histidine, poly-L-lysine and poly-L-tryptophan, an average of ~500 ps decrease
in lifetime was observed when xylene was added. The trend of lifetime change against
pH value can clearly be seen in Figure 6-6. As pH increases from 3.96 to 8.35, the
lifetimes of poly-L-histidine and poly-L-tryptophan complexes with added xylene have
only a slight decreasing trend whereas that of poly-L-lysine has a much stronger, and
apparently nonlinear decrease. For poly-L-arginine, the lifetime seems to be nonlinear

as well, with an apparent local minimum in the middle of the pH range.

Table 6-3 Fluorescence lifetimes of xylene added protein-dye complex solutions with
pH varying from 3.96 to 8.35. The proteins include poly-L-arginine, poly-L-histidine,
poly-L-lysine and poly-L-tryptophan. Every lifetime is calculated from an average of

three randomly chosen regions on an imaging slide. Error is within 20 ps.

pH Fluorescence Lifetime (ps)
Arginine Histidine Lysine Tryptophan
3.96 1093 1240 1138 1193
6 1002 1198 624 1206
8.35 1271 1112 531 1101

106



6.3.4 Discussion

To investigate the effect of pH and environment solvent to the lifetimes of protein-dye
complex, five proteins including BSA, poly-L-arginine, poly-L-histidine, poly-L-lysine
and poly-L-tryptophan were used to bind with the eosin Y dye. To ensure that lifetime
only originates from the protein-dye complex, the amount of protein added should
ideally reach a saturation point because of the electrostatic binding properties of protein
and eosin Y [163]. However, due to the limited amount of proteins available in our

experimental solution, no saturation point was achieved.
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Figure 6-6 Scatter plot of fluorescence lifetimes of xylene-added protein-dye complex
solutions with pH varying from 2.06 to 8.35. The proteins include poly-L-arginine (®),

poly-L-histidine (A), poly-L-lysine (¥) and poly-L-tryptophan (#).
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To overcome this problem, the absorbance of each dye-protein complex against protein
volume curve was measured and the protein amount was capped at 400 g (400-pd
solution with a concentration of 1 mg/ml). According to the absorbance curve, the
absorbance for the 5 protein-dye complexes was randomly selected to be 1 and the
corresponding protein amount was calculated for solution preparations. At a pH of 2.06,
eosin Y did not produce any fluorescence and a single exponential model was found to
best fit the emission fluorescence decay curve. Therefore, at pH=2.06, only the
fluorescence lifetime is from the protein-dye complex is measured. At other pH values
of 3.96, 6 and 8.35, the same amount of proteins were used for protein-dye complex
formation. Since the binding coefficients increase with the pH [163], it is likely that
eosin Y would be fully bound by proteins at large pH values, and as a result there might
be protein surplus in the final solution. It is also possible that eosin Y is not fully
consumed and there is eosin Y residue since the saturation point is unknown in our
experiment. Interestingly, a single exponential model was found to give a best fit of the

decay curve while a bi-exponential model produce a much poorer fitting result.

Proteins generally absorb in the UV region and fluoresce in the range 300-425 nm [165].
Since the observed fluorescence was in the wavelength range of 500-550 nm, surplus

protein could not have contributed to the measured lifetime.

The lifetime values of eosin Y were measured to be 1848 ps, 2010 ps and 1809 ps at pH
values of 3.96, 6 and 8.35, respectively. These values are largely different from the
lifetime values obtained for poly-L-arginine and ploy-L-lysine, which suggests that the
protein-dye complex is the major contributing fluorophore to the measured lifetime and

no surplus of eosin Y is present. For BSA, poly-L-histidine and poly-L-tryptophan, the
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eosin Y lifetime among various pH values is similar to the protein-complex solution
lifetime, indicating that the possibility of lifetime contribution from eosin Y could not

be eliminated.

The absorbance spectrum of the poly-L-tryptophan and eosin Y complex shows a
constant absorbance value regardless of the increase in poly-L-tryptophan amount. This
is because the saturation point for eosin Y occurs when less than 50 il poly-L-

tryptophan was added [163].

It has been concluded from the previous chapters that the eosin lifetime could be used
to diagnose H&E stained cervical tissue sections and LBC cells. As the disease stage
progresses from normal to higher grades of dysplasia, the lifetime component 1.
decreases in tissue sections and increases in LBC cells. The effect of environmental pH
value, which is one of the key parameters that affect fluorescence lifetime [25, 166-168]
of fluorophores, was investigated in the biochemical mechanism study. Since eosin was
found to bind with the intracellular proteins in the cytoplasm of cervical cells, 5 common
proteins comprising BSA, poly-L-arginine, poly-L-histidine, poly-L-lysine and poly-L-
tryptophan were used to simulate the bindings in the cellular cytoplasm involved during
the H&E staining protocol. Protein-dye complexes of the five proteins were formed and
the corresponding fluorescence lifetimes were measured. According to the obtained
lifetime values, the lifetimes of poly-L-arginine and poly-L-lysine decreased as pH
values decreased from 8.35 to 3.96. This could explain the decreasing trend of 12
obtained from H&E stained cervical tissue sections. As tissue becomes more neoplastic,
both the intracellular and extracellular components become more acidic [158]. The

lowering pH value accompanied with more acidity in turn causes the reduction in
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protein-dye complex lifetime. The pH range from 8.35 to 3.96 selected in this study is
well consistent with cellular pH values as they transit from normal to neoplastic [158].
However, sufficiently low pH values could lead to cell death [169, 170], and therefore
the discussion on biochemical mechanism did not consider lifetimes values measured at

pH=2.

In the preparation of H&E stained cervical tissue sections and LBC slides, xylene is one
of the few chemicals involved in LBC slides processing but not involved in tissue
sections for the samples collected from KKH. Besides the pH, other environmental
factors may play an important role in influencing the lifetime of an excited fluorophore
[160, 161]. Therefore, xylene was added into the protein-dye complex solution and
lifetimes under different pH values were measured and compared. It was found that as
pH decreases from 8.35 to 3.96, the lifetimes of poly-L-histidine and poly-L-lysine
increased. These two proteins could explain the lifetime increase in H&E stained LBC

cells.

To conclude, poly-L-lysine and poly-L-arginine show a decrease in lifetime as pH
changes from 8.35 to 3.96. Poly-L-histidine and poly-L-lysine exhibit an increase in
lifetime when xylene was added to solvent. Since polyamino acids are major proteins
in cervical cell cytoplasm [171, 172], lifetime derived from eosin Y and polyamino acids
bound complexes could be used to explain different trend in lifetime diagnosis of

cervical tissue sections and LBC cells.
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6.4 Summary

Fluorescence lifetimes of protein-dye complex solutions under different pH values and
different solvents were measured. Five proteins, namely BSA, poly-L-arginine, poly-
L-histidine, poly-L-lysine, poly-L-tryptophan, were used together with and eosin Y dye
to form different protein-dye complexes. The pH values of the solutions were adjusted
by adding HCL and NaOH, and the environmental solvent was changed by adding
xylene. It was found that as pH value decreased from 8.35 to 3.96, poly-L-arginine and
poly-L-lysine-dye complex exhibited a decreasing trend in lifetimes when xylene was
not added to solvent. Lifetimes from poly-L-histidine and poly-L-lysine show an
increasing trend when xylene was added. The results obtained are in good agreement
with the lifetime shortening observed in H&E stained tissue sections and the lifetime

lengthening found in LBC cells.
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Chapter 7. CONCLUSION AND RECOMMENDATIONS

7.1 Conclusion

Fluorescence lifetime imaging was used to characterize H&E stained cervical tissue
sections. More than 100 H&E stained cervical samples including categories of normal,
cervical intraepithelial neoplasia (CIN1, CIN2, CIN3), squamous cell carcinoma (SCC)
and microinvasive carcinoma were collected, imaged and analyzed. Epithelial regions
were specifically investigated because most cervical cancers originate from the
epithelium. The decay of emission fluorescence was fitted with a bi-exponential model
and the longer lifetime component 12 was found to correlate with tissue pathology. Mean
and standard deviation values of the lifetime > from the epithelium were used as feature
vectors to feed into a neural network extreme learning machine (ELM) classifier for
discrimination. An averaged sensitivity and specificity of 92.8% and 80.2%,
respectively, were achieved when differentiating normal from precancerous (CIN1,
CIN2, CIN3) samples. Discriminations between low-risk group (normal, CIN1) and
high-risk group (CIN2, CIN3) were also conducted due to the clinical importance for
treatment and a sensitivity of 85.0% and specificity of 87.6% were obtained. The results
suggest that the proposed fluorescence lifetime imaging of H&E stained cervical tissue
sections with the quantitative neural network ELM could be used to aid and supplement

the traditional histopathological examinations.

The diagnosis of H&E stained cervical tissue sections using fluorescence lifetime

imaging was further investigated using epithelial layer analysis. Cervical epithelium
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regions were divided into 10 even layers in the tissue growth direction and diagnostic
value in every of the 10 divided layers was investigated. It was found that feature vectors
including a combination of mean T2 from the top-half epithelium (layers 6 to 10) gave
the maximum diagnostic accuracy while the standard deviation of 12 does not carry any
useful diagnostic information. Neural network ELM classifier was used for
discrimination and an averaged sensitivity of 94.6% and specificity of 84.3% were
obtained when differentiating normal from precancerous cervical tissues. The proposed
layer analysis technique has the advantage of achieving a concurrently higher sensitivity
and specificity. In addition, analyzing only the top-half of the cervical epithelium is
computationally fast with significantly reduced lifetime calculations as redundant
feature components were eliminated. The proposed method can provide more accurate
and faster cervical diagnosis, which can better supplement traditional gold standard

histopathological examination.

Fluorescence lifetime imaging was applied to study cells isolated in H&E stained liquid
based cytological (LBC) Papanicolaou smear samples. The resulting lifetime images
were processed to extract the whole cell and cytoplasmic regions for analysis. The
results show that the whole cell lifetime distribution is highly similar to the lifetime
distribution of the cytoplasmic region. The mean lifetime component 12 in the whole cell
region was used to differentiate between normal and precancerous cells. A concurrently
high sensitivity and specificity of 92.6% and 71.2% were achieved, respectively. This
preliminary study suggests that the proposed method could supplement and improve the

automated screening of cervical LBC samples.

Biochemical mechanisms were studied to investigate the correlation between lifetime
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changes and the associated cervical pathological states. Five proteins, namely BSA,
poly-L-arginine, poly-L-histidine, poly-L-lysine and poly-L-tryptophan, were used to
simulate the proteins in cervical cytoplasm. Eosin Y, which is the only fluorophore
involved in H&E staining, was used to bind with those proteins. Fluorescence lifetimes
from those bound protein-dye complexes were measured and compared. It was found
that lifetime varied with the solution pH value and environment solvent. The results
obtained could explain the lifetime shortening trend in H&E stained cervical tissue

sections and the lifetime lengthening behavior in LBC cells.

7.2 Recommendations for Future Work

1. Fluorescence lifetime characterization of preinvasive H&E stained cervical
tissue stroma

Fluorescence lifetime has been used to characterize cervical precancer in H&E stained
tissue sections. Invasive cervical carcinoma [173] is easily identified since it is often
present with symptoms such as postcoital bleed, vaginal discharge or lower abdominal
pain. However, the preinvasive cervical cancer is not easily found because it does not
generate obvious clinical features and symptoms [174]. At different stages of
preinvasive cervical cancer, the neoplastic cells invade different thicknesses into the
cervical stroma under the epithelium. Therefore, fluorescence lifetime imaging could be
used to investigate the biochemical changes involved in stroma regions of H&E stained

cervical tissues.

2. Combination of morphological features and biochemical information to

diagnose cervical LBC smears
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Fluorescence lifetime diagnosis of H&E stained LBC smears have been demonstrated
to be effective in supplementing the automated screening with higher accuracy.
Morphological features such as nuclear size, nuclear shape, cytoplasmic area and
nuclear/cytoplasmic ratio have been applied in the image processing involved in
automated LBC screening [141-145]. The combination of morphological features and
biochemical features could potentially improve the diagnostic accuracy since more

relevant features could improve classification result [175].

3. Advanced epithelium division method for the layer analysis of cervical
fluorescence lifetime images

Layer analysis was conducted on H&E stained cervical tissue sections with regular
layered structure in the epithelium. However, irregular structures might be present due
to the variation in tissue growth and sampling protocol. Therefore, new image
processing techniques, which can divide cervical epithelium with irregular structures

into even layers, can be explored.

4. Development of compact and integrated FLIM diagnostic system

Laboratory FLIM system has been demonstrated to diagnose cervical early cancer with
high sensitivity and specificity in our preliminary study. It implies great potential to be
developed into a compact and integrated commercial product for automated cervical
slide screening. Now with the understanding of eosin lifetime, some portable and cheap
lasers such as laser diodes and LEDs with 50 ps to 200 ps could be used as light source
in FLIM system. This cheap and automated screening modalities could be replicated and

promoted in developing countries where specially trained personnel are not available.
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