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Abstract

Fibre-optic fluorescence lifetime-based devices are advanced spectroscopy techniques that
can measure tissue autofluorescence (AF). The optical information AF offers provides insights
into the tissue’s metabolic and structural composition, as well as its surrounding environ-
ment. Therefore, these devices can be used to interrogate tissue. Conventional fluorescence
lifetime-based devices typically measure the AF of tissue from broad emission channels. Or
where multiple high-resolution channels are measured, the individual decay traces are often
averaged into a single channel. Our research uses a novel in-house device, the Extensively
Parallel Time-Resolved Fluorescence Spectroscopy (EP-TRFS) device which simultaneously
measures high-resolution spectral and temporal fluorescence. We investigate device specific
factors within the data collection, such as the instrument response function and sample spe-
cific factors such as photobleaching (Chapter 2).

We next present the paper titled “Simultaneous Spectral Temporal Modelling for a Time-
Resolved Fluorescence Emission Spectrum”, based on the Multichannel Fluorescence Life-
time Estimation (MuFLE) model (Chapter 3). MuFLE is an efficient computational model
developed to explore the unique multi-channel spectroscopy data, simultaneously estimating
the emission spectra and the spectral fluorescence lifetime in single and multi-exponential
modes. We show the effectiveness of this approach in estimating the emission and spectral
fluorescence lifetime of reference samples, and in un-mixing mixed reference samples.

We then present our initial findings of MuFLE when applied to ex vivo lung tissue data,
presented in the paper titled “Fibre-optic based Exploration of Lung Cancer Autofluorescence
using Spectral Fluorescence Lifetime”, exploring the spectral information single-exponential
fluorescence lifetime estimation provides (Chapter 4). The study demonstrates the sensit-
ivity of the spectral fluorescence lifetime shape to the relative concentration of underlying
fluorophores, independent of their environment. This study then explores the properties of the
spectral fluorescence lifetime in paired ex vivo lung tissue deemed either abnormal or normal
by pathologists.

When used in a multi-exponential mode, we finally show the performance of MuFLE in un-
mixing endogenous fluorophores simultaneously in both the spectral and temporal domains
of ex vivo lung samples from both non-cancerous and cancerous tissue (Chapter 5). We
validate the presence of specific un-mixed endogenous fluorophores, using a commercial
FLIM setup of paired samples. We also validate the spectral and temporal profile of the
endogenous fluorophores when measured benchside and with the expected values estimated



in the literature. The identification of the fluorescence molecules responsible for AF changes
in ex vivo samples, enable endogenous fluorophore specific label-free tracking. This, in turn,
enhances our ability to assess individual fluorescence components contributing to the overall
AF variation between non-cancerous and cancerous tissue in vivo.

In conclusion, we have developed and validated the results from a high-resolution fluores-
cence device, in combination with novel analytical models. This innovative approach when
applied to lung tissue diagnosis enables us to gain a deeper understanding of the individual
fluorescence components that contribute to the total AF of a tissue sample. By performing
a comprehensive assessment of the AF, identifying the underlying sources of the individual
signals, and their relative contributions becomes possible, better distinguishing fluorescence
changes between cancerous and non-cancerous tissue. Consequently, the integration of this
device and MuFLE, if applied in vivo, can potentially facilitate the instantaneous measurement
of specific molecular and environmental properties associated with individual endogenous
fluorophores in tissue. This approach can provide novel insights, offering a comprehensive
understanding of the molecular dynamics in in vivo tissue, label-free and in real-time.



Lay Summary

Detecting lung cancer early is crucial for improving patients’ chance of survival. At present,
most machines which are used to detect lung cancer produce images. This limits the inform-
ation available to make a diagnosis. The machines may also require the patients to change
rooms which can disrupt them, particularly those who are critically ill. In addition, they expose
patients to radiation during repeated screenings, which can be harmful.

On the other hand, new machines which use light, more specifically laser light, an alternative
to radiation, may also detect lung cancer. Instead, the lasers stimulate properties of the lung to
create a kind of "optical fingerprint’ of the tissue. The fingerprint gives us additional information
about the tissue’s growth and its surroundings, which is useful for understanding if it's healthy
or not.

The early prototypes of these machines only assess one aspect of the light (called fluor-
escence) measuring how bright the tissue is and how long this brightness lasts. Scientists
built new machines that can measure the light (fluorescence) in more detail and in different
wavelengths.

This thesis uses data measured on these new machines and specialised mathematical mod-
els to analyse lung tissue. The data we collect is of lung tissue which has been surgically
removed from patients with suspected lung cancer. The mathematical model when applied to
the lung data is assessed to determine if it helps understand the source of the fluorescence,
and what the light can tell us about the tissue. We show that our approach may be used to
tell if the lung tissue is healthy or not, and why. In the end, this technology could be used in
real-time during medical procedures and help doctors identify lung cancer more accurately.
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Chapter 1

Introduction

1.1 Lung Cancer

For the diagnosis of lung cancer (LC) the following evaluations are likely to have been conduc-
ted: chest radiograph, computerised tomography (CT), positron emission tomography (PET),
and tissue sampling through either a conventional biopsy or CT-guided needle aspiration [1, 2].
Histology is then used to assess the microscopic cellular structure, and genome sequencing
identifies specific tumour related mutations of the sample. Given all the above information, pa-
tients are grouped into cancer type, i.e., non-small cell lung cancer (NSCLC) which represents
80 % of all cases and small cell lung cancer (SCLC), representing the rest. Within NSCLC,
adenocarcinoma is a subset representing 40 % of all cases and squamous cell carcinoma
represents 20 % [1]. Patients are also staged into prognostic risk groups i.e., NSCLC is staged
according to TNM (tumour size, nodes and metastasis) staging [1].

Despite extensive work-ups available, LC remains the deadliest cancer worldwide, responsible
for 1 in 5 cancer related deaths [3, 4]. Prognosis is largely influenced by the disease stage at
diagnosis [5]. A diagnosis at stage 1 has an anticipated 5 year survival rate of 80 %, which
decreases to 10 % with a stage 4 diagnosis [6]. However, only 16.6 % of patients diagnosed
with lung cancer are diagnosed in the earliest stage 1 of the disease [7].

To increase early detection, low-dose CT scans for high-risk individuals are recommended
(i.e., aged > 50 and smoke). In this screening population, small, <3 cm spherical masses in
the lung called solitary pulmonary nodules (SPN) in > 50 % are detected (see Fig. 1.1)[8].
A proportion of SPNs are early stage LC, however, the differentiation between benign, pre-
malignant and malignant SPNs remains elusive. Therefore, some SPNs are removed and
some typically of smaller size (i.e., a diameter of < 1cm) are monitored using radiological
surveillance [8].
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Figure 1.1: Solitary pulmonary nodule in the upper right lobe of a lung. Figure taken from [9].

1.1.1 Fluorescence Advantage

Pre-sampling clinical information of a lung available instantaneously is typically image based
[2]. Recorded via radiograph or CT scans, these images are captured using potentially harmful
ionising radiation, X-rays [10]. Using radiotracers, PET enables a comprehensive assessment
of a tissue’s function globally (i.e., when used with 18-fluorodeoxyglucose, PET measures
tissue metabolism via glucose uptake) [11]. However, in addition to using radiation, PET
provides images of low spatial resolution, therefore cancer margins and smaller areas of
potential abnormalities (i.e., SPNs) are difficult to detect. In addition, PET is expensive [8].
Moreover, enriched clinical information from histology or genome sequencing is often slow and
requires additional departmental coordination, skills and techniques. There is, therefore, an
unmet need for tools that can instantly provide in-depth information on the tissue’s metabolic
state, structural composition, and environment, in addition to improving diagnostic certainty
for patients presenting with SPNs. Fluorescence spectroscopy (FS), offering a cost-effective
solution devoid of harmful radiation, may address this unmet clinical need by measuring light
emitted from amino acids, structural proteins and metabolic proteins in pico- to nano- seconds
[12].

Detailing and describing the application of fluorescence for diagnosis and monitoring requires,
at first, the examination of the principles of fluorescence and how this physical phenomenon
lends itself to this problem. We then discuss how fluorescence is monitored with specialised
devices, including innovations into high resolution time-resolved fluorescence devices and the
advantage these may bring. We finally provide evidence of fluorophores, both endogenous
and exogenous, as effect diagnostic biomarkers.
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1.2 Overview of Fluorescence

Fluorescence describes the phenomenon whereby following the excitation of specific mo-
lecules, i.e., fluorophores, light is emitted. Fluorescence was first adopted into clinic in 1948,
whereby surgeons injected fluorescein, an organically synthesised molecule, or exogenous
fluorophore, intravenously to define and locate brain tumour cells [13]. The adoption of
fluorescence into clinic faded out until in 2005 a clinical trial using 5-aminolevulinic acid
(5-ALA) a molecule metabolised by tumour cells, caused an accumulation of the naturally
occurring, endogenous fluorophore, Porphyrin IX (PplX) in malignant glioma cells. The
illumination of this fluorophore in brain tissue enhanced intra-operative tumour and tumour
margin detection doubling surgical resection success from 36 % without fluorescence to 65 %
with fluorescence [14].

1.2.1 Fluorescence Excitation

Fluorescence is a radiative process originating predominantly from aromatic molecules [15,
Chapter 1.1]. Fluorophores reside at room temperature in the ground electron energy state
S0 [15, 16, Chapter 1.2]. Following the absorption of light, fluorophores become excited,
entering into a higher energy state (S1 and above), a process which occurs in a matter
of femtoseconds (10"°s) (see Fig. 1.2) [17, 16, Chapter 11.11]. Within the excited state,
molecular and environmental collisions occur causing vibrational relaxation, also known as
internal conversion, whereby the molecules, in a matter of picoseconds (10~'2's), travel down
to the lowest excited energy state of S1 [17, 16, Chapter 11.11]. Fluorescence occurs when,
as the fluorophore exists the excited state, in a process called electronic relaxation (traveling
back from S1 to S0), a photon is released (see Fig. 1.2)[18, Chapter 3.1.2].

1.2.2 Fluorescence Emission

When measuring fluorescence, there are specific aspects of a fluorophore which can be
defined and assessed, including fluorescence absorption, emission, its quantum yield,
intensity and lifetime. When measured across a wavelength range fluorescence absorption
describes the absorption spectrum, i.e., the number of photons absorbed across a wavelength
range, also corresponding to the energy absorbed [15, Chapter 1] (see Fig. 1.3 A). Fluores-
cence emission spectrum describes the number of photons emitted also across a wavelength
range (see Fig. 1.3 A) [18, Chapter 3.3]. Due to a loss of energy in the higher energy states
during vibrational relaxation the energy of the emitted photon is lower than the energy ab-
sorbed during excitation. This observation is termed 'Stokes Shift' and describes the shift
across the wavelength region between the absorption and emission spectra [17, Chapter 11.11]
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Figure 1.2: Molecules absorb light (orange), exciting the molecule from the lowest energy
ground state (S0) to a higher energy state (S1) and above (red). Within the energy states,
the molecules collide (inter-molecular collision) decreasing through the electronic states via
vibrational relaxation (purple). When in the lowest vibrations state of S1, fluorescence (pink)
occurs when the molecules exit the excited state (electronic relaxation) and a photon is
emitted (orange). Due to the loss of energy during the relaxation processes in the higher
energy states, the energy of the photon emitted during fluorescence is lower than the energy
absorbed (represented by the waveforms). Alternative to fluorescence, a molecule may exit
the excited state via other no radiative pathways, i.e., internal conversion, or undergo inter-
system crossing leading to phosphorescence (grey dotted lines). Figure adapted from: [17,
Fig. 11.21].

(see Fig. 1.3). Absorption and emission depend on a fluorophore’s molecular structure and
electronic configuration, factors which are also influenced by its environment [18, Chapter 3.4].
Therefore, fluorophores have their own environment dependent absorption and emission spec-
tra.

In addition to absorption and emission, fluorophores exhibit a molecular brightness upon ex-
citation at a particular wavelength [15, Chapter 1]. The molecular brightness is related to both
the fluorophore’s ability to absorb photons, its extinction coefficient, and its quantum yield
[19]. The quantum yield can be described as the number of photons emitted (k,) proportional
to the number of photons being absorbed [18, Chapter 3.2]. De-excitation from alternative
mechanisms, e.g., internal conversion from S1 to SO without photon release, or inter-system
crossing (e.g., spin conversion) leading to phosphorescence is possible (see Fig. 1.2). The
de-excitation by alternative mechanisms is a non-radiative process which can be defined as
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Figure 1.3: The absorbance (green) and fluorescence emission (pink) of an NBD dye A).
The relative fluorescence excitation (green) and emission (pink) of the fluorophores excited
and an example of the vibrational energy states (labeled 0, 1, 2) in which they are likely to
fall in to produce the absorbance and emission structure similar to the NBD fluorophore is
also presented B). Raw data of the fluorophore is supplied by Dr Charles Lochenie. Figure
replicated from [15, Fig. 1.8]

k,.r. Therefore the quantum yield (8) can be described as:

— kr
B kr + knr

(1.1)

[18, Equation 3.5]. In accordance’s with Vavilov’s rule the quantum yield is independent of the
excitation wavelength [15, Chapter 1]. In addition, Kasha’s rule states that the fluorescence
emission of a photon typically originates from the lowest energy state of S1 and is therefore
also independent of the excitation wavelength [15, Chapter 1]. Furthermore, given that the
quantum yield describes the ratio between the number of photons absorbed vs emitted, the
extinction coefficient and the quantum yield dictate the molecular brightness of a fluorophore
[19]. Taken together this also suggests that fluorescence emission can be expected to occur
from a fluorophore so long as the excitation wavelength of the excitation source falls within
its absorption spectrum (i.e., fluorescence emission from fluorescein can be expected to
occur following excitation between 400 nm-535 nm, depending on the aforementioned states
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[20]). However, the emission also depends on the proximity of the fluorophore to a quencher.
Quenching, a phenomenon where the fluorescence intensity (Fl) of a fluorophore is reduced
due to interactions with nearby molecules or environmental factors, can further alter the
emitted fluorescence signal [15, Chapter 9]. Therefore the excitation wavelength, extinction
coefficient, quantum yield, concentration, and the presence of quenching factors dictate the
number of photons emitted and consequently the number of measurable photons at a partic-

ular wavelength.

1.2.3 Fluorescence Parameters

In a mixed system (e.g., in tissue), the absorption spectrum of individual fluorophores of-
ten overlap. Therefore from one excitation wavelength, multiple fluorophores can be excited.
Spectral overlap of the corresponding fluorescence emission of the individual emitting fluoro-
phores also ensues [21, Chapter 3]. Therefore estimating individual fluorophores based on
intensity alone in mixed systems becomes challenging. Fluorescence lifetime (FL), in com-
parison, describes the time a fluorophore spends in the excited state, i.e., the time between ex-
citation and photon emission, typically occurring in nanoseconds (see Fig. 1.2) [18, Chapter 3].
The formal definition of FL (7) is the time of the intensity to decay to 1/e, a radiative decay pro-
cess (k;). As molecules can also exit the de-excited state via non-radiative decay mechanisms

(k,r) [18, Chapter 3],
1

T= .
kr + knr
FL is (mostly) independent of Fl, highly sensitive and fluorophore specific [15]. Additionally, it is

(1.2)

influenced by the fluorophore’s environment [15, Chapter 1]. Estimating this value is therefore
useful for both specific fluorophore identification and environment sensing. FL follows the first
order kinetics, in which the decay rate of a fluorophore is proportional to the concentration
of fluorophores in the excited state. Therefore, FL can be modelled as an exponential de-
cay where the intensity (y) of photons measured across time () can be described by [18,
Chapter 3]

al~

fi=v-e = (1.3)

Moreover, from a homogeneous single fluorophore population (e.g., a fluorophore in a single
conformational state and constant physico-chemical environment), the FL is independent of
the emission wavelength. Therefore, when estimated across the emission spectra the FL will
remain constant [18, Chapter 3].
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1.3 Fluorescence Devices

The fluorescence process can be measured using devices which assess the fluorescence
emission (e.g., the steady-state mode of the FLS1000 Photoluminescence Spectrometer,
Edinburgh Instruments), and/or time-resolved devices (e.g., the time domain mode of the FS5
Spectrofluorometer, Edinburgh Instruments), which assess fluorescence in either time-domain
or frequency domain, capturing the FL [22]. The aforementioned devices have a bench-top
microscopy set-up and therefore, aren’t suitable for an in vivo assessment of lung tissue.
Innovations into fibre based microscopy, such as confocal optical endomicroscopy (OEM),
allow an in vivo fluorescence emission assessment of lung tissue at high spatial resolu-
tion (e.g, the Cellvizio system assesses Fl with an image based field of view (600x600 pum)
[23, 24]). Fibre-based time resolved techniques can be divided into image based devices,
i.e., fluorescence lifetime imaging microscopy (FLIM), or point-based devices, i.e., point-
based time-resolved fluorescence spectroscopy (TRFS). Since temporal-spectral devices
are experimentally evaluated in this thesis, a description of their typical set-up ensues. FLIM
is an image based technique which captures spatial, temporal, and often spectral information
as well [25]. TRFS, in the absence of images, captures spectral and temporal information of a
sample. To measure time-resolved fluorescence, devices generally require: a pulsed excitation
light source, optical paths by which the emission and excitation passes, and detectors [21].

The origin of the excitation source has evolved over time, from Xenon lamps to ultrafast pico-
/femto- second pulsed lasers [26, Chapter 3.1.1]. These advancements have been comple-
mented by the progression of optical paths, which ensure excitation light effectively reaches
the sample, distinguishes between excitation and emission light, and permits only the emis-
sion light to reach the detector, thereby minimising emission loss [26, 21, Chapter 3.1.2].
Within fibre-based optical paths the excitation light may be reflected, typically at 90° to the
excitation source from specialized dichroic mirrors before reaching the sample [27]. The
emission light travels back through the fibre, whereby the dichroic mirror permits the longer
emission light (due to Stokes Shift as described in section 1.2.2), only, to travel through
[27]. Bandpass filters may also be embedded within the optical path. These filters allow
a central emission wavelength to pass, with a range or band width of wavelengths, e.g.,
a bandpass filter with a central wavelength of 470 nm+20 detects emission between 450-
490 nm [27]. Bandpass filters can be used to both tune specific excitation light wavelengths
and to determine the emission range allowing emission only of specific wavelengths to pass
through [26, 21, Chapter 3.1.2]. Once the fluorescence emission passes through the optical
path the emission then reaches a photon detector.
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1.3.1 Single Photon Avalanche Diodes

Photon detectors’ primary objective is to convert light into electrical signal. There are various
types of detectors optimised for specific applications. E.g., photon multiplier tubes (PMT) and
single photon avalanche diodes (SPADs) [15, Chapter 23.4]. SPADs employ an internal gain,
in which detecting a single photon can result in a measurable electrical output. When coupled
with timing electronics, time correlation can be established between the excitation light pulses
and single photons emitted from the sample in the order of tens of picoseconds [28, 29]. The
base of a SPAD contains a p-n semiconductor junction. An electric field is created across
the junction by applying a voltage with higher potential on the n-side with respect to the p-
side (i.e., reverse-biasing the junction). Photons are then absorbed by the semiconductor,
stimulating free electron-hole pairs. The electric field allows the charge carriers to gain energy
and move through the semiconductor crystal lattice. As the free charge carriers are swept
through the junction by the electric field, they gain energy and create new electron-hole pairs
upon colliding with the atoms of the semiconductor crystal structure [29]. The newly created
electron-hole pairs create more and more free charge carriers in a chain reaction, which
rapidly results in an avalanche current [15, 30, Chapter 23.4].

The avalanche current is then sensed by ancillary electronics and may be further processed,
e.g., digitized and counted, or passed on to timing electronics [26]. To return the SPAD
into an operational state, active or passive techniques are used to quench the avalanche
current and restore the electric field over the junction. Semiconductor technologies, such
as complementary metal-oxide semiconductors (CMOS) enable the manufacturing of highly
integrated SPAD arrays [30, 29]. These allow a low power SPAD operating system, on-chip
processing, and low noise. Following the detection of photons, different signal processing
systems register their arrival times, allowing the time decay of the emitted photons to be built
up over time [30, 29]. Sensing a photon may be followed by a high resolution measurement
of time between photon absorption and the detection events marking laser emission (time-
stamping) or conditional counting of photons based on when they arrived (time-gating). A
common technique to observe the temporal shape of fluorescence signals through collecting
and time-stamping single-photons is time-correlated single photon counting (TCSPC) [26,
31].

1.3.2 Time-Correlated Single Photon Counting

In TCSPC, a timing stop watch is started at the emission of light pulses from a high repetition
rate pulsed laser. The stop waich is stopped upon the arrival of a photon emitted from the
sample subsequent to excitation by a laser pulse, noting its stop time [31]. The difference in
time between the two events can be measured and provided as digital numbers e.g., with
time-to-digital converter (TDC) circuits. The timestamps are iteratively recorded from periodic
excitation of the sample facilitated by a pulsed laser, building up a histogram of photon arrivals
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across time (see Fig. 1.4 A and B). To ensure the distribution of the recorded time-stamps ac-
curately represent the decay rate of the excited fluorophore, the rate of photon emission from
the sample needs to remain below a certain level, typically between 0.1 and 0.001 photons per
excitation cycle. Higher count rates can induce a measurement artifact called early photon
pile-up. This occurs when several photons arrive to the sensor in a single excitation cycle
(while recording the first one only), causing an over representation of photons with short time-
of-arrival [31]. In early TCSPC devices the event starting the time measurement has been the
laser emission and the detection of a photon has been the stopping event. A more efficient
operation with less frequent initiation of the timing process is achieved performing a so-called
reverse start-stop (or stop-start) approach. In this configuration, the photon detection starts
the timer while the following laser pulse stops it. This approach enables the TDCs to run less
frequently, matching the rate of photon emission, rather than at the higher frequency of the
laser pulses [32, Fig. 2.3].

The clinical benefit of measuring fluorescence using TCSPC devices is their electronic sensit-
ivity. This sensitivity is particularly relevant when measuring autofluorescence (AF) in samples.
AF, described as the total emission of light from the endogenous fluorophores in biological
tissue, typically arises from photons with lower quantum yields compared to exogenous fluoro-
phores. Furthermore, the high sensitivity of TCSPC detection enables the use of lower powered
lasers, minimising the effect of photo-bleaching, a phenomenon where prolonged light ex-
posure irreversibly alters the chemical bonds of a fluorophore, leading to a permanent de-
crease in the overall fluorescence emission of a sample [33]. This is especially important in
tissue samples, where the emission of dim fluorophores is often measured. In TCSPC, while
the low excitation rate reduce the effect of pile-up, it contributes to a slower data collection
time, which is a clinical disadvantage [34, Section 2].

1.3.3 Histogramming Mode

To address the slower fluorescence collection speed of the TCSPC method, other techniques
have been developed, such as on-chip histogramming mode (HistMode) [35]. This setup
consists of 512 individual pixels, each containing 16 SPADs. At each of the 512 pixels,
individual SPADs detect photons, contributing to the construction of a histogram on the chip
(see Fig. 1.4 C). This histogram categorises photons into 32 time bins, with a tunable temporal
resolution from 51.20 ps-6.55 ns [35]. Photons with specific arrival times are directly stored at
separate counters for each time bin, with up to 1 photon per laser cycle (as opposed to 1
photon per exposure time as in TCSPC). This speeds up the collection process, which may
be more appropriate in a clinical setting. However, the 32 time bin restriction may prove to be
a limitation, depending on the specific fluorophore(s) being identified (see Fig. 1.4 C).
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Figure 1.4: A schematic diagram showing the start-stop set-up of a typical time-correlated
single photon counting (TCSPC) device to measuring the arrival time of photons emitted
from a sample following excitation from a pulsed laser source A). The photon counts are
built up from arrival times to create a histogram of photon distributions over arrival times
B). An adaption to TCSPC mode called histogramming mode records the time of individual
photons on an on-chip memory storage system within the photon detector C). Allowing 1
photon per laser cycle to be recorded increasing the speed of collection compared to TCSPC
[35]. Alternative to TCSPC devices, time gated techniques D) measure, following a short
delay excluding excitation light, photons in set, or scanning, time gates. Another alternative
photon detection technique is the pulsed sampling detection which measures photon counts
in predefined sampling intervals E) to capture the photon decay over time. Figure adapted
from [36, Fig.2].
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1.3.4 Time Gated Techniques

For a more rapid estimation of FL, time-gated techniques measure fluorescence emission
using specified time gates. This technique encompasses two main methods: one utilises fixed
time gates > 2, while the other involves scanning time gates across a timing axis during the
emission process [34, Section 2]. In both approaches, photons emitted by the sample are
detected and translated into voltages within these gates. Over successive excitation-emission
cycles, a histogram of intensity versus time is constructed (see Fig. 1.4 C). However, this
techniques lacks the temporal resolution of TCSPC and the specificity [34, see Fig. 3]. Despite
this limitation, time-gating offers faster acquisition times, making it suitable for applications
where rapid detection time is preferred [37, 38].

1.3.5 Pulse-Sampling Detection

Alternatively, for achieving faster detection times, pulse sampling techniques may be used.
In pulse sampling, a high-powered excitation source generates a strong emission signal,
which is then converted into an electrical signal. This method necessitates fast detectors
capable of capturing the entire optical decay. The electrical signal is often connected to
digitizers which measures the fluorescence decay at a high temporal resolution (see Fig. 1.4
D) [34, 39, Section 2]. As the decay signals are measured at a higher photon rate compared
to other techniques, the rapid detection capability of the pulse-sampling method enhances
its clinical advantage. However, the use of high-powered lasers also increases the risk of
photo-bleaching which may limit its application in detecting dim AF samples [36].

1.4 Fluorescence Detection

Devices measuring temporal decay across the emission spectrum are also possible (i.e,
spectral point-sampling TRFS or spectral FLIM). In these high-resolution multi-dimensional
devices, the spectral width that the decay is measured in is called the wavelength band-
width resolution. This differs depending on the optical setup, i.e., 1 - 500 individual spectral
channels, with a wavelength bandwidth resolution as wide as 50 nm to as narrow as 0.5 nm.
From these devices, multi-dimensional histograms can be built up consisting of the intensity of
photon counts measured across a wavelength spectrum and time, this may prove particularly
valuable for assessing AF. An innovative spectral FLIM device, as described in [40], details
an optical scanning microscope device with an additional spectral-temporal component. This
device enables the measurement of spectral and temporal fluorescence across a 256x256
image pixels. Photon counts are resolved across wavelengths ranging from 500-760 nm, with
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a wavelength bandwidth resolution of 0.5 nm. Additionally, the decays are measured in 32
time bins, each with a temporal resolution of 50 ps at every spatial position. The results
demonstrate unprecedented detail of the fluorescence of an ex vivo adenocarcinoma sample
[40].

Due to a sampling area discrepancy in the spatial area of tissue measured by point-sampling
TRFS compared to FLIM (e.g. FLIM measures 600x600 um [40], whereas TRFS measures
~ <100 pmz) [41], spectral FLIM may be slower. For an in vivo assessment, spectral FLIM
technology is therefore limited by speed and resolution (see Fig. 1.5 B). Although FLIM
devices enhance tissue images and videos, assessing the global fluorescence profile of a
sample, high-resolution point-sampling TRFS at equivalent speeds, provide detailed spectro-
scopic insights into microscale tissue areas (e.g. 30 um) without the spatial reference [34]
(see Fig. 1.5 A). Given that the origin of emission from the AF of a specific tissue area is
fundamentally unknown, high resolution TRFS point-sampling technologies may be potentially
better suited for in vivo assessment.

Figure 1.5: There are two broad categories of time-domain fluorescence spectroscopy
(TRFS) devices that can be miniaturized and passed through the working channel of a
bronchoscope to provide information on lung tissue. These devices are known as point-
sampling TRFS devices or fluorescence lifetime imaging microscopy (FLIM). TRFS measures
the fluorescence properties of a smaller tissue area in the absence of an image A). However,
FLIM devices not only measure the time-resolved decay properties but also capture the spatial
architecture of the tissue B).
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1.5 Fluorescence Data Analysis

Time-resolved data from fluorescence devices is obtained from wavelength-defined channels,
recording the intensity of the detected photons over time. Extracting biologically relevant
parameters from the decay traces, particularly FI and FL, requires computational models.
The choice of the analysis method depends primarily on the objective of the routine. Fitting
routines can be categorised into distinct groups: fit-free methods, suitable for a quick contrast
assessment; curve fitting approaches, ideal for more precise FL assessment and inverse
machine learning models. Some account for device artifacts like the instrument response
function (IRF), while others offer a broader overview of the inherent decay.

1.5.1 Instrument Response Function

The underlying fluorescence (f;) of the fluorophores emitting in a sample, as aforementioned
in equation 1.3, can be modelled by exponential decays. However, the observed decay traces
(y¢), contain additional artifacts. The most well characterised artefact is the IRF, originating
from distortions in the laser pulse, detector distortions and timing uncertainty. The signal
of the IRF is typically characterised by its full-width at half maximum (FWHM) and can be
incorporated into fitting routines to remove its effects using many different methods. The
simplest method, known as tail fitting, assumes that the effect of the IRF is smaller than
the overall decay of the measured fluorescence. Tail fitting, therefore, involves cropping the
observed decay to start at the temporal peak. The estimated fluorescence signal over time,
denoted by f(r), and the time axis adjusted to start at the temporal peak (p) where r > ¢, can
be described by the equation:

fi=v-e It >1,). (1.4)

The disadvantage of this method is that any fluorophore with a short FL, i.e., fluorophores
with lifetimes that fall within the initial time bins, may be measured inaccurately. In cases
where a single FL is estimated following a tail fitting approach, the final FL obtained from
the sample may be overestimated if shorter FL components are measured. An alternative
approach involves a deconvolution method, wherein the decay traces are deconvolved with a
measured IRF within the fitting routine. These methods can all be estimated using curve fitting
approaches.
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1.5.2 Curve Fitting Methods

Curve fitting methods provide a direct assessment of the individual decay rates. The most
common curve fitting method is the non-linear least squares (NLLS) method [42], where by
the squared residuals of a loss function J are minimised between the observed decay (y;)
compared to the fluorescence decay (f;),

J:

t

(fi — )% (1.5)

T
=1
A disadvantage of the NLLS method is in the least squared function which assumes the noise
is Gaussian. However, where photon counts are sparse, Poisson noise can be observed.
Therefore, the NLLS method in these settings may not provide the most accurate lifetime es-
timation. An alternative method with a different noise distribution, is the maximum likelihood
estimation (MLE) [43]. Optimal parameters are fit through maximising the equation, instead
of minimising the residuals, where the likelihood function is given by:

T
Ly, my) =[] 75e " (1.6)
=0 Yt
[44, Equation. 2]. Both curve fitting methods can be adapted to represent equation 1.4, or be
incorporated into a deconvolution function. l.e.,

s = (f*h)[]. (1.7)

In this method, f; represents the underlying fluorescence from the sample, s; the estimated
decay, and &, the measured IRF. Here, f; can also be adapted into a multi-exponential decay,
therefore, samples containing a mixture of fluorophores, and therefore, a mixture of decay
components, can be individually estimated. The overall decay trace can be modelled as a
summation of the individual fluorescence components, such as:

L
fi=Y et/ (1.8)
=1

In this instance [ represents the fluorescence decays of individual fluorophores. However,
these approaches are limited by the accuracy of the measured IRF, which itself may be
challenging to capture. Moreover, the goodness of fit using the curve fitting methods is often
expressed with a chi squared close to 1 [45]. However, where mixed systems, i.e., in tissue
where multiple unknown fluorophores are estimated, and multi exponential decay models are
used, the number of components as an a prior are required. Moreover, these methods are
computationally slower, potentially limiting an instantaneous FL assessment which may be
required in clinic.



1.5. Fluorescence Data Analysis 15

1.5.3 Fit Free Methods

Fit-free methods provide an alternative rapid assessment of samples and are particularly
advantageous for contrast objectives, such as rapidly distinguishing between diseased and
healthy tissues without the need for additional information. One of the most common fit-free
methods is rapid lifetime determination (RLD). This method calculates integral differences of
signal across a broad time range, splitting the observed decays into two temporal windows
yo and y; of width 7', allowing for quick and efficient analysis [46]. The time bins the decay is
recorded in is denoted as m and the total time bin M, therefore

(mpeak+M)/2 M
Yo = Z ymand y; = Z Ym (1.9)
Mm=mpeak m=(mpeak+M)/2+1

where mypeak is the time bin containing the highest photon count, and M =M-— Mpeak- RLD
can then be described as:

A

B T
logyo/yi~
In this equation, y represents the observed fluorescence decay in the first time window and y,

RLD (1.10)

the observed fluorescence decay in the subsequent time window [46, equation 1a] [47, equa-
tion 15]. RLD is typically not employed with an IRF, potentially impacting the interpretability
of the data, particularly when measurements are taken on different days with slightly varied
optical setups.

The centre of mass time (CM time) offers an alternative fit-free approach. In this method,
decay traces are summed over time, represented by the equation:

Zflr/z[:lym

(1.11)

Here, y,, describes the observed decay traces in time bin m, with a total of M time bins
and temporal resolution T [48, 49]. This method can incorporate a measured IRF, potentially
providing a more accurate decay rate estimation compared to the RLD method. Both methods,
however, consider fluorescence decay as a single decay component. Therefore, in mixed
systems with complex decay rates (e.g., tissue), there is a risk of oversimplification.

An alternative fit-free approach is the Phasor method. Within this approach, fluorescence
decays are Fourier transformed into Phasor specific G-S coordinates of a 2D space [34, Fig. 6
B]. Of single exponential decays, values are plotted on the outside region of the 2D space,
with short decays appearing towards the right of the plot, and longer decays towards the
left. Moreover, a particular advantage of this method is that, without any a priori information,
decays containing multiple fluorophores i.e., in mixed systems such as in tissue, the different
FL components are plotted towards the inside of the 2D space, differentiated also into their
specific longer and shorter components. This may be advantages when different parameters
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within the total decay become biologically relevant. This method is also rapid, commonly used
in FLIM settings, co-coloring different FLs in the spatial location on the images. However,
to convert Phasor values into actual FL values, a re-conversion is required. Additionally,
implementing Phasor analysis is more complex compared to alternative fit-free methods [34].
Moreover, this method does not include additional distortions from the detector and optical
system (i.e., the IRF). These factors may perturb the interpretation of the analysis.

An alternative method for calculating the average FL, and incorporating the IRF into the
analysis, is the Laguerre deconvolution method [50]. This method estimates 12 base pairs of
Laguerre polynomials within the fitting routines, typically using a NLLS method to determine
optimal parameters. It provides a more accurate FL assessment than fit-free models, incor-
porates IRF deconvolution within the calculation, and is computationally faster than multi-
exponential fitting methods. However, since the 12 base pairs are used to estimate the total
decay, it is not possible to determine specific lifetimes, corresponding to individual fluores-
cence species or decay rates, within a sample using this method. More recently, machine
learning (ML) methods have been deployed to extract FL from the decay traces alone. These
models provide a rapid estimation of FL from multiple components, without requiring informa-
tion from the IRF.

1.5.4 Machine Learning

Inverse ML techniques, including deep learning models, have been explored for rapid and
specific FL assessment [51]. For instance, [52] employed an artificial neural network (ANN) to
estimate a bi-exponential decay model from FLIM data, achieving FL estimation within 0.2s
However, this method was less efficient for samples with low photon counts. An alternative
approach involved Laguerre deconvolution to estimate fluorescence decays outwith the IRF,
followed by principal component analysis (PCA) and random forest regression for FL and
amplitude estimation [53]. This model's performance was validated on real-world datasets,
including cell lines and ex vivo liver samples. In an alternative approach, a feed-forward
ANN estimated the fractional contributions of multiple fluorophores in a mixed system [54].
This method focused on determining the relative concentration of > 2 fluorophores, rather
than specific FL values, making it suitable for complex systems like tissues. In summary,
these methods provide a rapid alternative for estimating FL without requiring a measured IRF.
However, in these methods, similar to curve fitting approaches, the predetermined number
of exponentials must be known a priori. Furthermore, all analysis routines described only
consider individual fluorescence decays. Therefore, in cases where high-resolution multi-
dimensional devices are used, multiple decays recorded across the emission spectrum are
considered independent of each other.
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ML has also been deployed for the classification and segmentation of fluorescence [51].
Trained on labeled fluorescence parameters from both cancerous and non-cancerous samples,
these classifiers can provide a probability score as to whether the sample is cancerous or not.
However, they are limited by both the accuracy of the FL calculations and the samples used
for training.

1.6 Translational Fluorescence

1.6.1 Smart Probes

The diagnostic and prognostic potential of FS ultimately depends on the biological relevance
of the specific fluorophore(s) being detected. As mentioned, two types of fluorophores exist,
endogenous and exogenous fluorophores. However, only a specific subset of endogenous
fluorophores is discoverable in tissue following excitation at certain wavelength ranges, which
may limit the diagnostic potential of AF (see Fig. 1.6). Moreover, these fluorophores frequently
have low quantum yields and overlapping spectral regions, therefore, can be difficult to both
detect and analyse.

Exogenous fluorophores can be administered either unmodified, or altered to enhance biolo-
gical specificity, i.e., bound to an epitope, known as a smart probe. Exogenous fluorophores
have a higher quantum yield than endogenous fluorophores, known specific spectral bands,
can be administered at a higher concentration and may provide disease specific detection.
Exogenous fluorophores in the context of biomarkers can be defined in different categories.
Exogenous fluorophores administered alone, as small molecule agents, such as methylene
blue (MB) and 5-ALA [55]. These have been FDA approved, have low toxicity and can be
measured in the visible light range. MB has a peak absorbance at 665 nm and emission at
685 nm. MB accumulated in metastatic neuroendocrine tumours when intravenously injected,
showing 93 % specificity when administered in 17 patients with small intestinal neuroendo-
crine tumours [55, 56]. 5-ALA on the other hand, as a precursor to the endogenous fluoro-
phore PplX, when metabolised simulates an accumulation of PplX. PpIX has a maximum
absorption range of 405-420 nm [57, Fig. 4] and an emission range of 620-700 nm [58]. 5-
ALA has a higher metabolic turnover in certain tumour cells, therefore, when administered, a
tumour specific increase in the endogenous fluorophore can be observed. This method has
been applied to detecting diffusely infiltrating gliomas in 22 patients, specifically enhancing
the visualisation of low grade glioma tissue [55, 59].

Small molecule agents, however, have lower specificity and may accumulate throughout the
body, including in non-cancerous regions. Smart probes, exogenous fluorophores altered to
detect specific biomarkers, provide an enhanced alternative. These probes can be categor-
ised based on their targeted features, including cell surface marker identification, extracellular
pH monitoring, protease detection, and protein receptor identification [55].
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An example of a pH-sensitive smart probe is ONM-100, which consists of an indocyan-
ine green (ICG) exogenous fluorophore activated in acidic environments [60]. When admin-
istered to 30 patients with solid tumours, including head and neck, breast, oesophageal, and
colorectal cancers, this probe provided clear delineation of tumour margins [60]. Another type
of smart probe, VGT-309, is designed to detect cathepsin, a protease often overexpressed
in tumors. Following phase 1 and 2 clinical trials, VGT-309 successfully identified pulmonary
tumours, including occult and non-palpable ones [61]. Additionally, smart probes targeting
specific protein receptors, such as the folate receptor o (FR-«), have been developed. An
example is folate-FITC, which binds to FR-, a receptor often overexpressed in solid tumours
such as LC, with high affinity to folate. The folate portion of folate-FITC binds to FR-a, causing
the FITC portion to fluoresce. This fluorophore has shown promise in detecting ovarian cancer
[55].

Fibre based spectroscopy setups used in conjunction with smart probes allow real-time de-
tection of the specified epitope. However, high levels of inter- and intra- patient heterogeneity
render a generic cancer specific probe difficult to achieve. Moreover, the uniform fluorescence
of the administered probes are also difficult to achieve. In addition, smart probes may alter the
biological signalling processes, require regulatory approval, and increase the cost of the pro-
cedure [62, 63]. Therefore, despite endogenous fluorophores lower quantum yield/extinction
coefficients, these may be more applicable in early stage LC diagnosis and prognosis.

1.6.2 Autofluorescence for Lung Cancer Detection

At present, a number of known endogenous fluorophores are excited at a specific excita-
tion wavelength. These molecules have different biological connotations and therefore, have
different biological implications when used as diagnostic markers. Moreover, as from one
excitation wavelength, more than one endogenous fluorophore is excited, the potential for AF
to contribute to diagnostics and monitoring is enhanced by information from multiple markers
simultaneously (see Fig. 1.6).

1.6.3 Tryptophan

The fluorophore excited at the shortest wavelength range (ultra-violet (UV)), tryptophan (Trp),
is an essential, aromatic amino acid. This has a reported excitation maxima of 280 nm and
emission maxima of 350 nm [66]. Trp is one of the most abundant fluorophores in tissue, at
an estimated 1 mol % in proteins in proteins in the cytosol, and 3 mol % in proteins in cell
membrane proteins [66]. Trp has 3 reported lifetime values, dictated by environmental factors:
0.5ns, 3ns and when in serum albumin (blood plasma) proteins 6ns - 9ns. Its quantum
yield has also been reported to vary, from 0.35 to 0.01, again dictated by the environment.
In addition, an emission maximum in the blue-shift direction has been reported in non-polar
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Figure 1.6: The excitation and emission profiles of endogenous fluorophores, in addition
to devices used to assess their autofluorescence when used with specific emission filters.
A) shows the excitation (left) and subsequent emission (right) of endogenous fluorophores.
Specific fluorophores commonly assessed in tissue, label free have been coloured, however,
the fluorophores which may also contribute to the overall tissue fluorescence (grey) have been
highlighted. The figures are adapted from [64]. B) shows the specific wavelength channels and
the corresponding fluorophores measured from different tissue in cancerous settings. From A,
despite a subset of fluorophores mentioned being detected in the channels, other fluorophores
may also be present perturbing the interpretation. This figure is adapted from [65].

environments, and a red-shift in polar environments, i.e., environments consisting of a pull
factor between negatively and positively charged molecules. Therefore, although difficult to
interpret, the overall spectroscopic information that an emission measurement of Trp gives is
rich in information of both the proteins and their environment [66].

Trp, along with being an efficient, natural, fluorophore, has connotations in LC. Trp, in the lung
and other organs, is metabolised by indoleamine 2, 3-dioxygenase 1 (IDO-1), an enzyme in
the kynurenine cycle. IDO-1 activity has also been linked to increases in oxidised nicotinamide
adenine dinucleotide (NAD+) [67]. IDO-1, is produced in response to inflammation, limiting
T cell function and immune tolerance; in addition to assisting in tumour immune evasion.
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Moreover, Trp metabolism in LC has been shown to indicate tumour immune escape. Specific-
ally, lower levels of Trp have been observed in LC compared to normal controls, particularly
in NSCLC. With > 92 % specificity as a diagnostic marker in some studies [67]. Even lower
levels of Trp were reported in patients with adenocarcinoma, compared to squamous cell
cancer types. In addition, low levels of Trp specifically in LC cells have been linked to the
chemotherapy cisplatin resistant cell types, highlighting the potential of this amino-acid as
both a predictive and prognostic biomarker, and its use in precision medicine (i.e., identifying
drug resistant tumours) [67]. Taking both the LC relevance of Trp, and its effectiveness as
a fluorophore, including the sensitivity of the fluorescence profile of Trp in conjunction with
its microenvironment Trp is an ideal endogenous fluorophore to detect oncogenic changes.
However, Trp excitation is in the UV-B range (280 nm), which may be problematic for inducing
DNA damage to cells [68]. Therefore consideration needs to be taken for harm-free excitation
of Trp in diagnostics and monitoring applications.

1.6.4 Pyridoxine

Vitamin B6, also known as pyridoxine, is phosphorylated by pyridoxal kinase (PDXK) [69].
The family of vitamin B6 metabolites are associated with >140 enzyme reactions and are
estimated to be essential in at least 4 % of all enzymatic activities in the genome [69]. These
molecules are specifically related to the metabolism of amino acids, carbohydrates, fatty acids
and some neurotransmitters, therefore, are essential in many normal biological functions
and may have implication in oncogenesis [69]. The role of vitamin B6 in cancer has been
explored. In in vitro, including in cell line models these molecules have been shown to inhibit
proliferation and enhance chemotoxicity [69]. However, there has been conflicting results
when investigated in animal models. In NSCLC specifically, studies investigated vitamin B6
in A549 cell lines, concluding that pyridoxin increased the intracellular uptake of the chemo-
therapy drug cisplatin [69]. An alternative study showed that PDXK is an accurate positive
NSCLC prognostic marker [70]. With elevated levels of circulating vitamin B6 associated
with improved disease outcome, however, cancer patients typically display reduced levels
of circulating vitamin B6 [70]. In summary, the relationship between vitamin B6 and cancer is
complex, however, some evidence shows that it may be appropriate as an accurate prognostic
marker in NSCLC.

The fluorescence of vitamin B6 is well documented [71]. With a broad absorbance range of
245nm-326 nm and emission range of 336 nm-393 nm depending on multiple environmental
factors [71]. The quantum yield changes in varying pH levels from 0.028 in a pH of 9.5, to
0.15in a pH <6.2 [71]. Moreover, the lifetime is also influenced by both the environment and
solvent, often displaying a single exponential lifetime of 1.6 ns in aqueous solutions, dropping
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to 0.37 ns in ethanol and increasing to 2.1 ns in dimethylformamide [71]. The majority of the
fluorescence of pyridoxamine is reported in solution, extrapolating the fluorescence findings of
this molecule to an in vivo interpretation would require a more in depth assessment, however,
given its implications in NSCLGC, it may act as an effective biomarker.

1.6.5 Lipo-pigments

Lipo-pigments, or lipofuscins, brown granules containing cellular waste products, accumulate
over time in certain tissue types including in the kidney, liver, brain and heart [72]. These are
known to exhibit AF in specific tissues, i.e., an excitation of 330 nm-380 nm and emission of
540 nm-570 nm in the brain [73]. However, there is limited evidence that these are found in
lung tissue, or have implications in LC [72].

1.6.6 Porphyrins

Porphyrins are a group of heterocycle (5 ringed) compounds which make up the essential
components of hemoproteins. The most abundant porphyrin is PplX [74]. This specific mo-
lecule binds to iron, making up heme. Heme plays essential roles in oxygen transport, cellular
oxidation and reduction reactions and in drug metabolism [74]. As previously mentioned, PpIX
is converted into heme by mitochondrial enzymes within the mitochondrial matrix by an 5-ALA.
During regular heme synthesis, this process is quick, however, cancerous cells often display a
deregulated heme metabolism [75]. This results in an accumulation of PplIX in cancer specific
cells, acting as a natural smart probe.

A range of FL values of PpIX have been identified, from and average of 16.4ns in DMSO, to
between 6.3-3ns in cell lines following 5-ALA incubation [76]. However, in both mouse and
human tissue, the FL of PpIX has been reported to range from 0.8-2 ns [75]. Moreover, the
red emission window of this fluorophore allows a higher spectral specificity of its identification
in complex systems like tissue (see Fig. 1.6). In addition, as the specificity of PplX is induced
following the administration of 5-ALA, it less efficient and cost effective compared to alternative
fluorophores.

1.6.7 Collagen and Elastin: The Extra Cellular Matrix

LC tumours both in primary and metastatic stage are often characterised by a tissue stiffness,
particularly in the stroma, the extracellular compartment of tissue [77]. The majority of the
stroma is made up of a specialised matrix called the extracellular matrix (ECM). The ECM, is a
large network of proteins, structural and functional, providing tissue with stability and elasticity.
The ECM has been described as a regulator of the cellular response which underlines cancer
hallmarks [77]. Studies have shown that SCLC patients presenting with tumours surrounded
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by extensive stroma have shortened survival times. Furthermore, binding of SCLC cells to
the ECM has been shown to protect cancer cells from chemotherapy-induced apoptosis
[77]. The ECM, therefore, has major implications in cancer progression, including supporting
chemoresistance [77].

The two most abundant proteins in the ECM are collagen and elastin [77]. Enzymatic cross-
linking of collagen and elastin fibres are catalysed by enzymes in the lysyl oxidase (LOX)
family and the transglutaminase family. Genetic mutations in LOX enzymes has been indic-
ative of poor LC prognosis [78]. In addition, covalent cross-linking of collagen via specialised
linker proteins (i.e., pyridinoline) contributes to stroma stiffening [79]. Studies have observed
the increase in pyridinoline cross linking mediates an increase in tissue stiffness [80]. An
increase in tissue stiffness has shown to favour tumour cell invasion and metastasis. This has
been investigated in both early and late stage LC development [80].

Elastin, a polymer-like gel, in addition to its flexibility, provides extension resilience in tissue
structures. It is, therefore, a major protein in the lung making up over 30 % of its dry weight
[81, 82]. Elastin is comprised of precursor molecules called tropoelastin produced by sur-
rounding specialised cells such as fibroblasts [81]. These modular precursor molecules are
cross linked together with cross linker proteins desmosine and isodesmosine, catalysed by
LOX enzymes into elastin fibres. Damage to fibre structures facilitates a thinner elastin matrix
and an accumulation of elastin fragments [81]. Elevated levels of elastin protein fragments
are observed in adults diagnosed with LC [81]. Furthermore, structural changes in elastin in
certain types of LC (i.e. Adenocarcinoma) have also been observed [83].

Evidence suggests the ECM matrix and its constitutes are often deregulated within cancerous
tissue. Moreover, the ECM has distinct fluorescence properties, providing the basis of the
biology behind fluorescence discrimination observed between normal and cancerous ECM at
specific excitation wavelengths [84]. |.e., the major fluorescence contributor of OEM emission
(when excited at 488 nm in the lung) has been shown to originate from elastin fibres [85].
The distinct fluorescence profile of elastin have been shown to originate from both the overall
structure, and the cross-linkers pyridinoline (both the hydroxylysine or lysyl forms of the mo-
lecule). Pyridinoline has a FL range of between 1.5-2 ns [86], an absorbance peak of 325 nm
[87, 88], and an emission peak of 350 nm depending on the pH. The elastin structure has an
absorption range of between 300-400 nm, although as the OEM results suggest, an excitation
of 488 nm has also been shown to excite a significant proportion of elastin. An elastin FL
range has been reported, from 0.38 ns in tissue [21], to bovine neck ligament of between
1.72ns-1.83 ns [89]. However, given the broad range of FL and emission from both the elastin
cross-linkers and the structure, interpreting the AF of these may be complex. In addition to
fluorescence from the hydroxylysic pyridinoline and lysyl pyridinoline linkers of collagen, the
structure has a reported FL of between 2.84 ns-2.94 ns [89]. The absorption and emission
peaks have been reported at 339 nm and 380 nm respectively [90]. Given the specificity of
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the fluorescence profiles of molecules within the ECM, and that the tumour ECM provides
aberrant microenvironment cues favouring proliferation and metastasis, inhibiting apoptosis of
tumour cells. An assessment of this matrix, and the major components may provide additional
insight into drug resistances, prognosis and tumour aggression prediction.

1.6.8 Fluorescence and Metabolism

One of the 10 revised hallmarks of cancer is a deregulated metabolism [91, 92]. Specifically, a
tumour related effect was identified called the Warburg effect, originating from the observation
that tumour cells consume glucose and excrete lactate at a higher rate than normal [93].
Studies have shown this is due to a shift in metabolic processes, whereby tumours increase
their rate of glycolysis, a metabolic process which occurs typically in hypoxic environments
even when oxygen is available, also known as aerobic glycolysis. [94]. This effect has been
shown to support sustained and increased cancer cell proliferation and invasion [94]. Glyco-
lysis occurs in the cytosol whereby in a 10 step reaction process glucose is converted into
pyruvate and lactate [94, Fig. 1]. During this process one glucose molecule is converted into
2 NADH molecules, 2 ATP molecules and 2 pyruvate molecules. Furthermore this reaction
supplies several metabolic intermediates that are required for macromolecule biosynthesis to
support continued proliferation of cancer cells [95]. Pyruvate is then transformed into lactate,
catalysed by an enzyme called lactate dehydrogenase (LDH), lactate is then exported from
the cells via MCT4 transporters [94, Fig. 1]. Initially considered a waste product, the secretion
of lactate to the extracellular media is now considered a key characteristic of the Warburg
effect, because it leads to an acidic microenvironment that triggers immunosuppression and
angiogenesis, all contributing to tumour survival [96, 97].

Counter to the Warburg effect, some tumours and cells within the tumour microenvironment
display a reverse Warburg effect [98]. These cells consume lactate at a higher rate, which
is converted into pyruvate and transferred into the mitochondria resulting in an increase in
oxidative phosphorylation (OXPHOS) favouring a tricarboxylic acid (TCA) cycle skewed
metabolism [98]. Within the TCA cycle in the mitochondria during OXPHOS a molecule of
glucose is efficiently converted into around 32 ATP molecules [94]. The by product of this
reaction is also carbon dioxide and water. Moreover during this process NAD and flavin
adenine dinucleotide (FAD) act as electron donors and acceptors in specific steps of the
reaction cycle [94, Fig. 1]. These are essential in generating ATP in the TCA cycle. Studies
have shown that both the Warburg and reverse Warburg effect can happen in different tumour
cells of the same cancer, a phenomenon known as metabolic symbiosis [99, 100]. A subset of
hypoxic cells favouring glycolysis, consumes glucose at a higher rate, excreting more lactate
[98]. The alternative subset of normoxic cells favouring OXPHOS then absorb the lactate,
converting more lactate into pyruvate to be used in the TCA cycle for a more efficient glucose
free ATP generation.
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Studies have shown that LC is not exempt from this metabolic symbiosis, displaying either a
glycolysis or OXPHOS skewed metabolism [94]. Moreover, during a glycolysis skewed meta-
bolism, not only is an increase of glucose observed, but an increase in glucose-6-phosphate.
This glucose analogue is phosphorylated and therefore unable to leave the cell, this is the
basis of the biology behind PET imaging, tagging a phosphorylated glucose analogue (!8F-
FDG) with radiotracer markers [94]. Favoring a glycolysis metabolism pathway, these LC
cells have increased levels of the radiotracer. However, more recent studies investigating the
metabolic transformation of 80 LC cell lines have shown there is a large variety in metabolic
plasticity, concluding that a consistent Warburg shift is not always observed across an entire
cell cohort [101]. Therefore, despite metabolic changes being a hallmark of cancer, hetero-
geneity exists.

OXPHOS and glycolysis rely on the electron donation and acceptance of two specific mo-
lecules, NAD and FAD in producing ATP. These molecules also naturally fluoresce (see Fig. 1.6
A), exhibiting different photo-physical properties in various reduced and oxidative steps, in
addition to when in different protein bound stages. Although it is important to note that in
the reduced forms neither molecule is fluorescent. As these metabolic cycles are directly
implicated in LC, these fluorophores may contribute significantly to LC AF.

1.6.9 Nicotinamide Adenine Dinucleotide

NAD has different forms, a reduced form (NADH) and an oxidised form (NAD ™). When bound
to an additional phosphate, this molecule is known as nicotinamide adenine dinucleotide
phosphate (NADP) which also has an oxidised (NADP™) and reduced form (NADPH). The
different forms of NAD(PH) have different biological functions. NAD(H) is responsible for
catabolic reactions, i.e., the breakdown of larger molecules into smaller sub-units, which
either release energy or are oxidised [102]. NADP(H) has anti-oxidative effects (involved in
regulating reactive oxygen species, amongst other functions) and implications in anabolic
reactions. Both molecules are found in the cytosol and in mitochondria [102]. The homeo-
stasis and function of NAD(PH) is dependent various metabolic signalling pathways [102].
Overexpression of NADKs, which synthesise NADPH, enhance LC activity [102]. Moreover,
overexpression of malic enzymes (ME1), located within the cytosol, induce NADPH produc-
tion. This overexpression is associated with poor LC progression [102]. Overexpression of
isocitrate dehydrogenase (IDH) 1 generating NADPH from NADP™ is also linked to poor
NSCLC prognosis. Hence this molecule is significant in LC indicating its utility in routine
diagnostic and monitoring procedures [102].

NAD molecules are endogenous fluorophores, and, despite functioning differently, NAD(H)
and NADP(H) have identical absorption and emission spectra. Therefore, their fluorescence
is reported as NAD(P)H [104, 105]. The emission, FL, and quantum yield of these molecules
is largely influenced by its environment [104]. The molecules have a general excitation range



1.6. Translational Fluorescence 25

Figure 1.7: The fluorescence lifetime of NAD(H)/(+) in different metabolic switches and
relative concentrations. Figure adapted from [103].

of 320 nm-380 nm (see Fig. 1.6 A). More specifically, NAD™ has an excitation maximum of
260 nm, with no further excitation above 320 nm reported. NAD(P)H, has two excitation peaks,
one at 260 nm and another at 340 nm. The quantum yield of NADH varies, increasing when
bound to melate dehydrogenase and LDH, but decreasing when bound to glyceraldehyde
3-phosphate dehydrogenase [104]. A general emission range of 420 nm-480 nm has been
reported, however, a shift towards the blue spectrum when bound to LDH or octopine de-
hydrogenase by between 25-30 nm can be observed. However, these measurements were
conducted of the molecule in solution [104]. A double exponential FL in different variations has
been observed. Influenced by the protein binding, solvent component, pH and temperature.
These have been reported in cell lines, in vitro, and in vivo [104]. Specifically, the lifetime of
NAD(P)H changes depending on whether its bound or unbound to protein. Bound to protein
NAD(P)H has a lifetime of around 2.5ns, unbound to protein NAD(P)H has a lifetime of
around 0.4 ns [103] (see Fig. 1.7). Moreover, in different metabolic conditions as the relative
concentration of bound and unbound NAD(P)H changes, the overall lifetime of this fluorophore
changes, increasing in OXPHOS and decreasing in glycolysis (see Fig. 1.7). Due to the
structural differences of NADH bound and NADPH bound to proteins, studies investigating
the lifetime difference of these compartments was conducted [105]. Following chemical and
genetic manipulation of cell lines, the longer lifetime from the bound compartment of NAD(P)H
fluorescence (4.4ns + 0.2) was attributed to NADPH and the shorter bound compartment
(1.5ns + 0.2) was attributed to NADH [105]. Given tumour heterogeneity (both functional,
mutational and environmental), interpreting and translating the fluorescence of NAD(P)H is,
therefore, complex [104] (see Fig. 1.7).
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1.6.10 Flavins

The final group of endogenous fluorophores to be discussed in this review are flavins. Flavins
exist in different forms with a range of functions. The most common flavin is FAD and its
precursor riboflavin (also known as vitamin B2) [106] (see Fig. 1.8). As aforementioned in
section 1.6.8, FAD has implications in the metabolism, acting as a co-factor in the TCA cycle
during OXPHOS [107]. Flavoproteins are specific proteins which bind, often covalently, to FAD
or flavin mononucleotide (FMN) [106]. Within cell lines, riboflavins are the most abundant in
14.0-3.1 mol per cell, FAD is also present in high concentrations of 17.0-2.2 mol per cell and
FMN is reported in lower concentrations at 3.4-0.46 mol per cell. These levels vary within cell
and tissue type [108].

Figure 1.8: The chemical structure of flavins, with riboflavin as the core molecule (yellow),
which when an additional nucleotide group is bound, is adapted into flavin mononucleotide
(FMN) (red). This can then also be adapted into flavin adenine dinucleotide (FAD) with the
addition of a further nucleotide and adenine group (purple). The chemical structure was from
[109] and the Figure was adapted from [110].

Deficiency in riboflavin has implications in different diseases including LC, although the differ-
ences in its implication have been reported [111]. l.e., cancer specific riboflavin implications
have found to increase the toxicity of cisplatin resistant cells and reduce apoptosis in healthy
tissue [111, fig. 5]. On the other hand, studies assessing riboflavin in LC and LC cell lines in
vitro, concluded that elevated riboflavin contributes to increased tumour cell proliferation and
metastasis [112].
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FMN and FAD exist in different oxidised and reduced states. FAD exists in three main forms,
an oxidised form (FAD), a semi-reduced form (FADH) and a reduced form (FADH,) [113]. The
forms dictate the electron donation or acceptance potential, i.e., FAD can be reduced into
FADH,, FADH can be oxidised by FAD, or reduced by FADH, [114]. These function mostly in
the mitochondria where FAD has a strong reduction potential (electron gaining function). The
most prominent function of FAD is within the TCA cycle, where by when covalently bound to
an enzyme called succinate dehydrogenase (complex Il), the oxidation of this enzyme (loss
of electron) into fumarate is catalysed [115, Fig. 1]. This is a key step within the TCA cycle,
converting FAD to FADH, for electron storage. FADH, then reverts to FAD and produces ATP.

Flavins are also fluorescent and exhibit similar fluorescence profiles. As a result, their fluores-
cence emission is commonly regarded collectively (see Fig. 1.6 A (green) and Fig. 1.8). How-
ever, variations within the fluorescence of the flavins arise during interactions with different
environments (particularly in different pH’s), and when bound to proteins (i.e., flavoproteins)
[113]. Typically FAD (although in higher abundance), has a lower quantum yield than FMN
and riboflavin: 0.04, 0.22 and 0.27 respectively [113]. Moreover, in a lower pH of 2-4, FAD
quantum yield increases to 0.12, matching the quantum yield of FMN until a pH 2 [113, Fig. 4].
The absorption spectrum is also similar with peaks around 370 nm and 450 nm [113, 116, 64].
The fluorescence emission of flavins peaks at around 550 nm and ranges from 480-600 nm
[117, 64] (see Fig. 1.6 A). The FL of flavins is also diverse, riboflavin has been reported
between 4-12ns [36]. The FL of different oxidative states overlap, although, FADH, is not
fluorescent. However, FAD and FMN FL is considered dependent on whether they are in
bound or unbound states [118].

The fluorescence of FAD bound to proteins is quenched, decreasing the FL from its unbound
state of around 2.3-2.9 ns, to as low as 0.1 ns in some reported cases [118]. Studies suggest
that a significant proportion of protein bound FAD fluorescence originates from lipoamide de-
hydrogenase (around 50 %) and electron transfer flavoprotein (around 20 %). The contribution
of FAD bound to complex Il is debated, some studies suggest its negligible [118], however,
other studies find it influential [110, 119]. Despite the debate regarding the origin of bound FAD
fluorescence, evidence suggests the ratios of the two lifetimes serve as valuable indicators
of metabolic switches, particularly when assessed with the FL of NAD(P)H [110]. Moreover,
studies investigating metabolic specific FL changes of FAD in lung cells, found an increase
in FL when glycolysis was inhibited (2.49 ns), and a decrease when OXPHOS was inhibited
(1.81 ns), compared to the control (2.13 ns) [120, Fig. 5]. These results demonstrate metabolic
FL sensitivity of FAD, enhancing FL interpretation [110] (see Fig.1.9).

The FL of FMN has been reported. Similar to FAD, two lifetime components relating to either
its protein bound or unbound state have been observed. However, the directional behaviour
of FMN FL is different to FAD, with a bound FL of around 4.7 ns and an unbound FL of around
1.5ns [110, Fig. 1] (see Fig.1.9). Moreover, studies show in glycolysis, an increase in the
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Figure 1.9: The fluorescence lifetime change of flavin adenine dinucleotide (FAD) and flavin
mononucleotide (FMN) when bound or unbound to proteins A) & B). In addition the change of
the fluorescence lifetime when in different metabolic properties of tissue C.

fluorescence of FMN can be observed, evident by an increase in a long FL in the flavin region
in brain tumours [121]. Due to the structural similarities of both FAD, FMN and riboflavins,
and the similarity of the long (and short) FL, differentiating them is complex. Often the FL
component is referred to as FAD and collected in a broad emission band around the peak
of the emission (i.e., in [120] the emission of FAD was considered in channels 545-595 nm
following excitation of 750 nm) (see Fig.1.9).

1.6.11 Redox Ratios

Redox describes the levels of cellular oxidation and reduction (originating from reactions which
facilitate the transfer of electrons) [122]. A disruption in the redox balance of tissue results in
oxidative stress. Many different external factors may cause oxidative stress, including cancer.
Studies have demonstrated that oxidative stress, induced by elevated levels of reactive oxygen
species (ROS), leads to an increase in genomic mutations, instability, and cancer development
[123]. Additionally, oxidative stress can originate from various factors including phosphoryla-
tion events involving proteins within the mitochondria (i.e., NAD(P)H) [123]. Considering the
sensitivity of fluorescence parameters associated with molecules within the mitochondria
(NAD(P)H and FAD), fluorescence studies aimed to determine whether these fluorescence
parameters may serve as indicators of cellular (and tissue) redox status, known as the optical
redox ratios [118, 121, 110]. One of the first optical redox ratios developed, also known as the
metabolic index (M), is often described as:

M — NAD(P)HbO,meC]%
NAD(P)HunboundaZ%

(1.12)
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where the amplitudes (o and o) of the corresponding bi-exponential decay characterises of
NAD(P)H provide metabolic insights (see Fig. 1.7) [110]. This calculation has been expanded
describing the fluorescence emission of both NAD(P)H and FAD, known as either the optical
redox (OR) ratio, or the fluorescence lifetime induced redox ratio (FLIRR) which includes FAD
as:

NAD (P)Hunhound (0] %o
FADunbound o % .

Where the ratio of unbound NAD(P)H and FAD provides further indications of the redox poten-

FLIRR = (1.13)

tial of cells/tissue. [124] investigated the OR of prostate cancer cells. Observing an increase
in mitochondrial OR when the cells switched to OXPHOS as doxorubicin (chemotherapy) was
administered. To compare the relative emission of the two fluorophores, emission channels
for the peak emission of either flavins and NAD(P)H are used. l.e., [110] used channels
542-582nm for FAD and 426-446 nm for NAD(P)H. However, variations in the redox ratio
calculation remain [125].

Traditionally, bi-exponential decay’s have been fit from the distinct emission channels to ac-
count for the ratios of bound/unbound NAD(P)H and FAD. However, the emission of FMN
within the FAD channel (and potentially riboflavin) is also present. Therefore, [110] argues
without accounting for the additional decay components of FMN, the redox calculation may
be difficult to interpret. [110] fit a tri-exponential decay to the FAD channel, and observed
an elevated significance of the redox potential between tumour and non-tumour cells (a p
value of 0.007 was observed between two different cellular co-cultures) [110]. The results
were conducted on cell lines. Therefore, extrapolating this to tissue becomes complex due to
the influence of additional fluorophores within these emission bands (see Fig. 1.6 A). In lung
tissue, most prominently, elastin and collagen may also contribute to the FL in these channels
(see Fig. 1.6). Moreover, due to the influence of environmental factors such as pH (especially
considering the acidic feature of lactate produced during glycolysis as mentioned in section
1.6.8), in addition to considering the presence of riboflavins (the highest abundant intracellular
Flavin (see section. 1.6.10)), interpreting the redox calculations from AF in tissue using bi-, or
tri- exponential fitting routines of broad emission channels may be a simplification.
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1.6.12 Autofluorescence for Cancer Detection in Tissue

The endogenous fluorophores discussed above and their deregulation provide the basis of the
biology behind AF discrimination. Coupled with the sensitivity and specificity of fluorescence
measurements, a photo-physical difference between normal and cancerous tissue at different
excitation wavelengths persist [84] (see Table 1.1). Differences in both optical setups and
analysis methods used to differentiate fluorescence decay traces into interpretable results
also impacts the translation of these studies. At present FL devices have shown the potential
to detect cancer from different tissue, including breast, oral, skin, cervical, brain and lung
tissue [126, 127, 128, 129, 130]. Given the specificity of FL these devices have the potential to
greatly improve the diagnostic accuracy, particularly in early stage LC [131, 8] (see Table. 1.1).

The most common setup for measuring tissue AF involves using devices with large wavelength
bandwidth resolution, optimised to detect various endogenous fluorophore emission peaks
(see Table. 1.1). These devices typically employ rapid pulse-sampling methods, enabling a
reliable, point-based assessment of the entire tumor profile in a short time frame. Alternatively,
some devices record fluorescence across multiple channels with higher wavelength bandwidth
resolution, but frequently marginalise the fluorescence decays into a single decay [141]. Fur-
thermore, the analysis of fluorescence decays often employs Laguerre deconvolution models
or bi- (sometimes tri-) exponential fitting routines. However, most frequently the average FL
is calculated. While this metric offers a rapid, real-time overview of endogenous fluorophores
within the tissue, its ability to capture nuanced biological features that could enhance tumour
diagnosis may be limited. Therefore, to better characterise tissue, understanding the total
fluorescence profiles of specific endogenous fluorophores in vivo may enhance the fluores-
cence translation, allowing a more sensitive and specific cancer interpretation.

In summary, the literature review presents the photo-physical properties of fluorophore specific
alterations, such as brightness and excitation time. Additionally, it provides an overview of
both time-resolved devices and data analysis methods. Following this overview, an in-depth
assessment of the biological function of certain endogenous fluorophores implicated in LC
deregulation is conducted, elucidating the underlying biology behind fluorescence discrim-
ination. Finally, the literature review concludes with an examination of current methods for
analysing ex/in vivo FL for tissue discrimination.
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1.7 Research Aims

Patients with LC are most commonly diagnosed with late-stage disease resulting in a poor
prognosis. Current clinical diagnostic strategies although extensive, are either image-based
or have slow processing times (e.g., histology following a biopsy) and can be uncertain in
early stage detection. Moreover, there is a lack of an in vivo instantaneous detection tool of
an abnormal mass in the lung.

TRFS is a sensitive tool for detecting the excitation of endogenous fluorophores. When used
in the visible light region this technique has low cellular toxicity capturing metabolic, structural,
and environmental tissue properties in vivo instantaneously. FS devices have detected cancer,
early-stage benign vs malignant, and tumor margin discrimination both in excised tissue and
in vivo (see Table 1.1). However current devices although rapid, either detect fluorescence
at low spectral resolutions measuring decays in broad emission channels (e.g., [139]), or,
where multiple channels at a higher wavelength bandwidth resolution are assessed, often the
multiple decays are marginalised into one decay (i.e., [141]). Traditional analysis tools then
often calculate the average spectroscopy parameters from these measurements (see Table
1.1). Therefore, due to the sensitivity of endogenous fluorophores, and the influence of the
environment on their fluorescence properties, current methods may miss factors that provide
greater insight into abnormal lung tissue.

Innovations in detector technology (i.e., Ra-ll) allow rapid, high-resolution collection of fluores-
cence from a single excitation wavelength. When integrated into a fiber-based device, these
can be passed down the working channel of a bronchoscope, providing a detailed in vivo
assessment of fluorescence from tissue. The device used in this thesis excites samples
at 485nm and contains a Ra-ll CMOS SPAD line sensor, detecting fluorescence emission
in 512 individual wavelength channels, with a wavelength bandwidth resolution of 0.5 nm.
Each channel has an independent timing circuit and a temporal resolution of 50 ps. The
resulting fluorescence emission from 485 nm excitation of lung tissue predominantly originates
from elastin fibres and flavins (see Fig. 1.6). In LC damaged and elevated levels of elastin
fibres have been observed, particularly in Adenocarcinomas. Moreover, fluorescence specific
properties of flavins (both FAD and FMN) also provide an indication of the metabolic status
of tissue, with cancer favouring a glycolytic metabolism to support increased and sustained
proliferation, often exhibited by both LC cells and the surrounding tumour environment (the
Warburg effect). Riboflvains have also been found to contribute to enhanced LC specific
cisplatin toxicity, in addition to proliferation and metastasis.

By leveraging innovative TRFS detector technology and our understanding of specific endo-
genous fluorophores, the primary aim of this thesis is to investigate whether a more detailed
assessment of the decay profiles of fluorophores from lung tissue can enhance our under-
standing of both the photo-physical properties of endogenous fluorophores and the diagnostic
potential of high-resolution time-resolved devices.
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1.8 Research Objectives

The primary research objective of this thesis is to develop a computational model capable of
comprehensively interpreting the complex time-resolved fluorescence data generated by the
TRFS device. This tool aims to capture both the fluorescence emission and FL from individual
channels and neighboring channels. It will offer two distinct analysis modes (see Fig 1.10 F):

. A single exponential mode able to track overall changes in the spectral and temporal
emission profile across the entire histogram. This mode assumes no underlying fea-
tures of fluorescence, thus requiring no a priori assumptions.

. A multi-exponential mode able to simultaneously un-mix spectral and temporal profiles
from any number of components, reflecting specific fluorophores within the histogram
from mixed samples.

Figure 1.10: A schematic diagram of a time-resolved fluorescence spectroscopy (TRFS)
device is shown, passed down the working channel of a bronchoscope and into a lung A) & B).
The fluorescence spectroscopy device excites endogenous fluorophores naturally occurring
within the lung tissue C). Specific fluorophores implicated in lung cancer include flavin
mononucleotide (FMN), flavin adenine dinucleotide (FAD), riboflavin, and elastin. Changes
in these fluorophores are detectable using TRFS D). The devices produce high-resolution
fluorescence histograms E). The research objectives of this thesis F) first involve developing
an informative computational model and then assessing different modes of the model on
TRFS of lung tissue.

In addition to the development of the computational model, the application of this on assessing
lung tissue AF will be analysed. The objectives of this are as follows:
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1: Accuracy

The accuracy of both modes of the model using exogenous fluorophores measured benchside
which have been well documented in the literature will be explored. The emission profiles will
be compared to the emission profiles of the same fluorophores measured on an emission
reader, and the FL values will be compared to the expected FL values within the literature.

2: The Single Exponential Mode

The next objective is to investigate the single exponential mode on mixed samples from
simulated data, and endogenous fluorophores measured benchside. The endogenous fluoro-
phores will be measured in different concentrations and environmental conditions. The model
will then be applied to paired normal and abnormal lung tissue to assess its proficiency in LC
detection, and in whether additional insights into the fluorescence profile of these samples
can be obtained.

3: The Multi Exponential Mode

The final objective of this thesis is to assess whether a multi-exponential mode of this compu-
tational model can be used to un-mix specific endogenous fluorophores of lung tissue, using
both spectral and temporal profiles. Prior to being applied to the lung tissue, the objective is to
assess whether, using simulated data, the model is able to un-mix individual fluorophores with
both distinct and overlapping emission profiles. The presence of the un-mixed endogenous
fluorophores will be validated using FLIM confocal microscopy providing a spatial fluorescence
assessment at cellular resolution, although not a tool viable for in vivo use.

The Overarching Objective

The overarching objective of this thesis is, in combining our knowledge of biology and photo-
physical properties of tissue, to determine the potential for a fluorophore specific label-free
detection of endogenous fluorophores in lung tissue, providing deeper insight into both struc-
tural and metabolic changes, advancing our understanding of the photo-physical properties of
diseased tissue, and the diseased tissue itself (see Fig.1.10).

1.9 Thesis Outline
The thesis is structured as follows.

Chapter 2: The EP-TRFS Device and Measurement Precision

First, details of Flamingo, the Extensively Parallel Time-Resolved Fluorescence Spectroscopy
(EP-TRFS) device is explored. Device specific alterations are investigated within the data
collection, such as the IRF. Sample specific perturbations are also investigated such as pho-
tobleaching. This chapter was reviewed by Dr Andras Kufcsék who provided the device details.
Additionally, Dr Andras Kufcsak conducted the IRF laser experiment and generously provided
data for Fig 2.4.
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Chapter 3: Multichannel Fluorescence Lifetime Estimation

In the third chapter, we present the paper titled: Simultaneous Spectral Temporal Modelling for
a Time-Resolved Fluorescence Emission Spectrum, based on the Multichannel Fluorescence
Lifetime Estimation (MuFLE) model. In addition, the limitations of the model are discussed.
The mathematical framework of MuFLE was conceptualised by Dr Sohan Seth. Alexandra
Adams led the implementation, data collection and analysis. Dr Andras Kufcsék, Dr Katjana
Ehrlich, and Professor Kev Dhaliwal proofread the manuscript.

Chapter 4: Lung Cancer Discrimination using Spectral Fluorescence Lifetime

In the fourth chapter we present the paper titled: Fibre-optic based Exploration of Lung Cancer
Autofluorescence using Spectral Fluorescence Lifetime, exploring the spectral information
single-exponential fluorescence lifetime estimation using the MuFLE model provides, reveal-
ing additional fluorescence details of the samples. The contributions of this paper are as
follows: Alexandra Adams conceptualised the study, and led the experimental design, and
data collection, with support from Dr Sohan Seth, Dr Andras Kufcsak , Dr Mohsen Khadem,
Dr Ahsan Akram, Dr Charles Lochenie.

Chapter 5: Towards Total Un-mixing

In the fifth chapter, we explore the un-mixing potential of the MuFLE model. We show results
of the multi-exponential MuFLE model when applied to endogenous fluorophores and tissue
data, validating the identification of the fluorescence compartments. We conclude this chapter
with the results of multi-exponential estimates taken on some of the same samples using a
FLIM confocal microscope. The estimated fluorophores with MuFLE, are co-identified from the
FLIM confocal device, with an additional imaging parameter to assess their spatial location.

Chapter 6: Summary and Conclusion

The research of the thesis are summarised in the final chapter. In addition, areas of future
work are discussed, including a second version of the MuFLE model, further validation un-
mixing experiments, and optical alterations to enhance the diagnostic potential of this setup.



Chapter 2

The EP-TRFS Device and
Measurement Precision

The optimal optical setup using AF for cancer detection can be defined by a device adjusted
to collect the maximum number of photons, however, this may not coincide with exciting the
maximum number of potential endogenous fluorophores (as the brightness is determined by
the individual extinction coefficients, quantum yields and concentration of the molecule in the
tissue of interest) (see Fig. 1.6 in section 1.2.2). Moreover, which fluorophores are excited,
may also alter the diagnostic potential of the device when used for particular tissue, due to
the biological significance of the fluorophores excited and their specific tissue relevance. This
chapter details the TRFS device used for data collection in this thesis. It also evaluates device-
specific and sample-specific modifications that could alter fluorescence measurements of the
sample independently of changes in fluorescence due to the diseased state of the tissue.

Common time-resolved devices used to collect AF from ex vivo and/or in vivo tissue excite
at around 355 nm, and collect the resulting fluorescence emission in 3-4 emission channels
covering a broad spectral emission range (i.e., 390 nm + 20, 452nm + 22.5, 542nm + 25
& 629 nm =+ 26.5) [142] (see Table 1.1). Due to the specific excitation wavelength and broad
emission channels, these devices allow for a rapid FL and Fl based assessment from a broad
range of fluorophores (i.e., NAD(P)H, FAD, collagen, porphyrins), however at the expense
of the wavelength bandwidth resolution. Fibre based OEM devices, without a time domain
feature, have been shown to discriminate lung tissue from a longer excitation of 488 nm [143].
The majority of the AF emission from this setup originates from elastin and elastin fibres which
become visible in their images [143, Fig. 1]. The time resolved setup used in this thesis is
called Flamingo, or, the Extensively Parallel Time-Resolved Fluorescence Spectroscopy
(EP-TRFS) device. This device, similar to OEM devices, has an excitation wavelength of
485 nm and has been optimised to collect high resolution AF histograms predominating in the
visible light range from elastin and flavins (see Fig. 1.3). This allows a FL based assessment
of the structural composition of lungs (via the emission of elastin), and a functional metabolic
assessment (via the emission of flavins, encompassing FAD, FMN and riboflavins) in addition
to their environmental changes.

36
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2.1 The EP-TRFS Device

The EP-TRFS device is an epi-fluorescence system where excitation and emission are col-
lected through the same optical path [27] (see Fig. 2.1). The device is also fibre based
and small enough to be passed down the working channel of a bronchoscope (fibre outer
diameter of 285 um, a coating diameter of 350 um and a core diameter of 35um). The fibre
field of view is <100 pm? and samples are collected with 0 working distance between the fibre
tip and the respective sample. The optical path contains coupling and collection optics and
spectrometer optics (see Fig. 2.1). The 485 nm pulsed excitation laser is primarily used with a
pulsed repetition rate of 20 MHz when used in TCSPC mode, and a power range of between
175 uW-200 uW. Excitation light travels first through the coupling and collection optics, collim-
ated by asperic lenses (f=11 mm, aspheric lens, Thorlabs) and filtered by an excitation filter
(FITC-Ex01-Clin-25, Semrock). A dichroic beam splitter (Single band dichroic, FITC-Di01-
Clin-25x36, Semrock) reflects the excitation light through the sensing fibre (see Fig. 2.1 D).
The emission light then travels back through the sensing fibre, reaching the coupling and
collection optics where by lenses collimate the emission. An emission filter filters the light
(long pass emitter, FITC-LP01-Clin-25, Semrock) and the dichroic beam splitter then permits
the emission to travel into the spectrometer optics. The emission in the spectrometer optics is
collimated by doublet lenses (achromat doublets, Thorlabs) and dispersed into wavelength
constituents by a dispersion grating (600 grooves/mm, Wasatch Photonics) (see Fig. 2.1
G). Following its dispersion and refocusing, the emission reaches the spectrometer which is
composed of a CMOS SPAD line sensor [35], covering a total spectral range of 470-720 nm,
centered at 590 nm. Due to the emission filtering and dichroic beam splitter, light <512nm is
prevented from reaching the detector (see Fig. 2.1).

2.1.1 Photon Detector

The line-sensor (Ra-1l) consists of 512 individual pixels [35] (see Fig. 2.2). A pixel can be
defined as a single photon detection element with an independent timing circuit to measure
fluorescence decays. The grating disperses light over the line sensor, such that each pixel
detects a certain wavelength of light, hence forming wavelength channels. The emission is
detected with a wavelength bandwidth resolution of 0.5 nm per channel. Each pixel consists
of 16 SPADs arranged in a stacked column of 2x8 blue and 2x8 red SPADs. Moreover, pixels
are ordered with an independent timing circuit, incorporating 5x clock trees, TDCs and 32-
bin/11-bit/bin histogram memory (see Fig. 2.2 A) [35]. The geometry of the line sensor in
proximity to the grating, allows at each pixel, wavelength constituent photons to be detected.
Therefore, the total spectral-temporal profile of a fluorophore excited at 485 nm and emission
range between 512-720 nm can be captured. Optical spectra detected with the line sensor are
subject to variations across the channels. This is attributed to different behaviour of the sensor
pixels, as well as a wavelength dependent photon detection efficiency [35]. The former comes
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Figure 2.1: The extensively parallel time-resolved fluorescence spectroscopy (EP-TRFS)
device is an epi-fluorescence device where by the excitation (blue) and emission (green) is
collected from the same optical path. Within the coupling and collection optics, the excitation
light is collimated by aspheric lenses L) and filtered through an excitation filter (F1) where
it is reflected off a dichroic beam splitter D) before travelling through the sensing fibre
reaching the sample. Emission light travels back through the sensing fibre, filtered through an
emission filter (F2) and passing through the dichroic beam splitter, also collimated by aspheric
lenses (L) before reaching the spectrometer optics. Emission is then collimated by doublet
lenses (Lp) and then dispersed via a dispersion grating element G). The emission light is
further collimated by another doublet lens before reaching the complementary metal oxide
semiconductor (CMOS) single photon avalanche diode (SPAD) line sensor for detection.

from semiconductor process variations. For the latter, multiple reflections between surfaces
of the sensor’s semiconductor structure lead to constructive or destructive interference. In es-
sence, light is amplified or attenuated depending on its wavelength and the distance between
reflecting surfaces [35]. The individual pixels also have different photon sensitivities, therefore,
a spectral sensitivity can be observed defined as a marginal shift in the maximum number of
photon counts per channel, independent of the emission spectrum at each channel. Process
variations in the timing electronics lead to per pixel variations in the timing properties, such
as the time resolution and timing uncertainty or jitter. Therefore, for accurate measurements
using this device, when incorporated into the analysis pipeline, an accurate measurement of
the IRF at each channel is essential.

2.1.2 Time Resolved Modes

The device has two time resolved modes, a TCSPC mode and a mode in which photon arrival
times are directly stored in histograms on chip (on-chip), here denoted as HistMode (see
section. 1.3.3)[35]. A unique TDC architecture supports both HistMode and TCSPC mode.
In TCSPC mode, the arrival time of the first photons of an exposure are stored as 11-bit
timestamps. This architecture is prone to counting loss and pile-up, as the TDCs cannot
process additional photon arrivals until the readout finishes (at the end of the exposure).
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Figure 2.2: A schematic diagram of the Ra-Il line sensor A) and an image showing the entire
sensor, including the circuit board and the line sensor highlighted in the blue box B). The Ra-IlI
line sensor comprises 512 pixels (orange), each housing 16 red SPADs (optimised to collect
light at 600-900 nm) and 16 blue SPADs (optimised to collect light at 450-550 nm) organised in
two columns. Independent timing circuits for each pixel allows simultaneous measurements of
photon time-of-arrival over a range of wavelengths. The diagram is adapted from [35, Fig. 1].

In HistMode, the underlying architecture allows multiple photon arrivals per exposure to be
recorded and stored in an on-chip memory setup within 32 time bins. This process allows the
recording of up to one photon per excitation cycle, enabling more rapid detection. However,
in this setup, the maximum number of photons that can be recorded in each time bin is
limited, and the total observable time span is limited by the number of bins (32) and their
time-resolution [35, section. 3]. Therefore, HistMode is optimised for rapid photon collection,
applicable for a real time assessment. However, TCSPC mode is more suitable for sampling
longer decay periods with high resolution, favouring AF sampling. In TCSPC mode the arrival
time of photons are collected in 50 ps time bins (see section 1.3 for more detail). In HistMode,
photons are built into histograms with an interchangeable timing resolution (50 ps - 1500 ps)
and a corresponding time range, however in a fixed number of 32 time bins [35]. In TCSPC
mode, the time range in which photon arrivals are expected is determined by the laser re-
petition rate. With a laser repetition rate at 20 MHz, and a consequent time period of 50 ns
between pulses, and a bin resolution of ~50 ps, histograms are built with 1200 bins. In this
thesis most measurements are collected in TCSPC mode where 3 repeats of each sample
are collected and summed for analysis.
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2.1.3 Temporal Jitter

The decay traces recorded from fluorescence in individual channels are constructed into
histograms of intensity, wavelength and time. These observed histograms are built from the
fluorescence of the measured samples, but altered by other effects as well (e.g., from the
sensor). As mentioned in section 1.5.1 and above, the IRF describes the system’s response
to an infinitely sharp excitation, and involves the laser pulse width, the transit time of the
pulses travelling along the fibre, and the detector timing uncertainty. The IRF may change in
slightly different setups of the same system, i.e., by different fibre lengths, altering the rise
time of the decay (see Fig. 2.3). Therefore, where this is to be incorporated into the analysis
pipeline, an accurate measurement of the IRF is required. Traditional methods to measure the
IRF involve reflecting the excitation light back through the detector, or using scattered light
[144]. However, this often results in a measured IRF at a shorter wavelength than the meas-
ured signal. Alternative methods involve using quenched fluorophores with shorter FWHM
than the exciting light source. Specifically, Erythosine B in water, Rhodamine 6G with iodine,
Erythrosine B with potassium iodide (FL of 25 ps) and Rose-Bengal in potassium iodide (a FL
of 16 ps) [144]. As long as the decay properties of these quenched fluorophores are shorter
than the laser pulse, so as to ensure the timing measurement is not also influenced by the
photo-physical properties of the fluorophore, an accurate IRF can be captured. However, there
are spectral limitations in using these fluorophores as the spectral range is restricted to their
distinct emission spectra [144]. Failure to accurately account for the IRF will cause errors
within the fitting routine leading to a miss interpretations of the estimated parameters [144].

Figure 2.3: A schematic diagram of an instrument response function (IRF) convolved with the
fluorescence measured from a sample, which together makes up the observed decay. The
IRF is a convolution of distortions from the laser pulse, detector jitter, timing uncertainty and
spectral grating uncertainty.
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2.2 Lifetime Accuracy

To assess whether the device is able to record accurate FL measurements, reference exo-
genous fluorophores can be used with well documented FLs. The concentration of these
fluorophores can be altered to also test the stability and accuracy of the FL recorded from the
device in lower concentrations, and so in subsequent lower photon counts. This is particularly
relevant where the objective of the device is to accurately record the fluorescence of tissue,
as endogenous fluorophores are typically dim with lower quantum yields than exogenous
fluorophores.

2.2.1 Photobleaching

Alternative factors effecting the recorded fluorescence which do not originate from the dis-
eased state of tissue exist within sample preparation methods and data collection. In addition,
a recognised alteration is an photo-chemical effect called photobleaching. Photobleaching,
most commonly observed following either prolonged or high power excitation, describes a per-
manent drop in the FI of fluorophores, due either to covalent bond cleavage or from undefined
photo-chemical factors in its environment [145]. Different fluorophores have different pho-
tobleaching sensitivities, however, the most pronounced effect is a drop in FI. A fluorophore’s
photobleaching rate depends on the fluorophore’s structure, its environment and the excitation
power of the laser [145]. Some fluorophores described as photostable are minimally effected
by photobleaching (e.g., Rhodamine B) [145]. However some endogenous fluorophores can
be particularly sensitive. Moreover, photobleaching effects different fluorophores at different
rates. Consequently, in the context of a mixed system such as tissue, photobleaching may
alter the overall FL of a sample.

Studies have investigated the effect of photobleaching on human tissue [146, 147]. Particularly
on the FL in different spectral channels. [146] showed that at a lower wavelength of between
498-560 nm there was no change in the FL following prolonged laser exposure [146]. However
at 560-720nm a 10 % reduction of FL was observed. This effect was thought to be negligible
compared to the change in FL when comparing between healthy and diseased tissue [146].
An alternative study investigated the effect of photobleaching in the arterial wall. Following an
excitation of 337 nm three purified endogenous fluorophores: elastin, collagen and cholesterol
were assessed at three different emission wavelengths 390 nm, 430 nm and 470 nm. Elastin
exhibited the smallest change in Fl and no variation in FL was observed. However, bleaching
was most pronounced at 390 nm where the FL of collagen dropped from 5.9 ns to 5.5 ns [147].
Photobleaching also affected the Fl and FL of cholesterol.
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2.2.2 Sample Preparation

Differences in sample preparation ranging from storage practices to collection methods may
also influence the cellular composition of tissue. To assess this impact on the photo-physical
properties of tissue, and ensure accurate data is collected and assessed, it is necessary to
investigate these.

2.3 The Instrument Response Function

To incorporate detector artefacts within the fitting routine, avoiding errors where possible,
the IRF can be accounted for within the analysis pipeline. The method of this incorporation
depends on the overall objective of the fluorescence interpretation (as mentioned above and
in section 1.5.1). l.e., where the primary objective is to assess an overall fluorescence contrast
between sample types, a tail-fitting approach may be appropriate. Under the assumption that
the IRF represents the detector’s response to an infinitely short FL, the effect of the IRF may
be considered negligible in the analysis routine, given that the FL of measured fluorophores
typically ranges from 2-6 ns. The tail-fitting approach involves initiating the fitting from the
temporal bin containing the peak number of photon counts. However, this reduces the number
of data points available to the fitting routine, potentially leading to a decrease in accuracy.
Moreover, where the IRF is wider, the effect of the IRF may still be observed in the time bins
around the peak, particularly when fluorophores with shorter FL are assessed. Where the
precise FL from a sample is a priority, an accurate IRF is required to be incorporated into a
deconvolution model. This section assesses both the tail-fitting and deconvolution model of
two well characterised reference fluorophores Rhodamine B (RhB) and Fluorescein Sodium
(Fluo). This section also assesses two different fluorophores quenched and measured for an
accurate IRF estimation.

2.3.1 Tail Fitting

Two reference fluorophores were measured with the EP-TRFS device in TCSPC mode, with
the same laser repetition rate as previously detailed (20 MHz), and arrival times built at each
channel from 1.5 x 10° exposures, each with an exposure time 5ps. RhB (Sigma-Aldrich:
102406 918) measure in a concentration of 10 uM, dissolved in methanol and Fluo (Sigma-
Aldrich: F6377-100G) in a concentration of 1 uM, dissolved in PBS. We first consider the
analysis of the observed decay trace in the tail fitting regime using the least squares method.
Here, a single exponential decay is estimated from the peak of the temporal decay, minimising
a squared loss function as:

T

ft—t)=y-e /T andi= Y (f(r)—y(t))>* (2.1)

1—t,=1
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The least squares solution used in this chapter is computed using the Levenberg-Marquardt
algorithm, ScIPy LMFIT [148].

The spectral emission peak of Fluo is 519.39nm, and the average FL estimated between
the emission range of 512.76 nm-623.43nm is 3.91ns + 0.37 (see Fig. 2.4 A and B). The
spectral emission peak of RhB is 579.57 nm, and the average FL estimated between the
emission range of 552.03 nm-649.95nm is 2.33ns £ 0.15 (see Fig. 2.4 C and D). The FL
and emission from the tail fitting routine is in an agreeable range with the literature (with a
FL of Fluo estimated at around 4.1 ns[149] and RhB in methanol at 2.41 ns + 0.07[150])
(see Fig. 2.4). However, the tail fitting method impairs accurate estimation of fluorophores
with short FLs, which may be problematic when the FL from tissue is to be estimated (with
expected FL ranges from 0.1 ns-4 ns, see section 1.6). This is due to interference from the
first few time bins which contain photons perturbed by the IRF along with photons from the
fluorescence of the measured sample.

Figure 2.4: Plots to show reference fluorophores, Fluorescein Sodium dissolved in PBS at a
concentration of 1 uM, and Rhodamine B dissolved in methanol at a concentration of 10 uM.
The data was analysed using a tail fitting non-linear least squares method. A) shows the
intensity plots of the Fluorescein, B) shows the corresponding fluorescence lifetime fitted
across a cropped wavelength region between 512.76 nm-623.43 nm. C) shows the intensity
plots of the Rhodamine B, D) shows the corresponding fluorescence lifetime fitted across a
cropped wavelength region between 552.03 nm-649.95 nm
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2.3.2 Measured IRF

For an accurate representation of the FL from samples, a measured IRF, convolved with the
observed decay trace is anticipated to yield a more precise estimation. The IRF measured,
however, must represent the instrument distortions so that additional biases are not con-
sidered within the fitting routine. To characterise the IRF in our device and the correct timing
delay time (or jitter, as mentioned above), associated with each channel using the same optical
path used for data collection, quenched fluorophores are used. The fluorophores are required
to have a FWHM shorter than both the FWHM of the excitation laser pulses (PicoQuant LDH-
P-C-485: laser width 30 ps), and the jitter of the SPADs (162 ps) [35, Fig. 15]. This is to ensure
that the FWHM only captures the characteristics of the IRF without confounding influences of
the FL from the measured fluorophores.

In the first instance, two fluorophores were quenched and assessed. Quenched Rose-bengal
(RB) with an expected FL of 16 ps was used (see Fig. 2.7 A - D)[144]. RB was measured at a
concentration of 1M (ACROS Organic: 632-69-9) in 6.03 M potassium iodide (Sigma-Aldrich:
30315-100G) at a pH of 9.8 [144]. Quenched Fluo (Sigma-Aldrich: F6377-100G), with an
expected FL of 17 ps, was also used, measured at a concentration of 1 M in sodium iodide
(at 12.2M) [151]. Fluo has an expected emission range of 480 nm-600 nm [151], RB has an
expected emission range of 540 nm-610 nm, although this is solvent dependent [144, 152].

To compare the accuracy of the IRF measured using quenched fluorophores, the IRF was
also measured shining the excitation source directly onto the detector (see Fig. 2.5). This
method does not account for the emission path from the fibre to be incorporated into the
measurement, bypassing the internal optics of the device. Therefore, is not appropriate to be
incorporated into the fitting routines. However, it provides an accurate estimation of the FWHM
from both the laser and the detector (see Fig. 2.3). The average FWHM of the IRF measured
from the laser was 0.49ns (see Fig. 2.5 C). Moreover, the temporal jitter in arrival times of
photons across channels is observed to be accounted for in this IRF (see Fig. 2.5 B).

When evaluating the IRF measured using quenched fluorophores, in the time domain the
IRF is captured, however, in the spectral domain the emission spectrum of the fluorophores
remains (see Fig. 2.6 A & C). The observed IRF also includes a detector property called dark
counts, recorded detection outwith light, which is assumed to be constant across the time
bins. For each channel, we therefore, first subtract the dark counts measured by averaging
the counts within the first 2 time bins at each channel. We then normalise the IRF by the area
normalisation method, such that the influence of the emission spectrum of the fluorophores is
removed (see Fig. 2.6 B & D).
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Figure 2.5: An instrument response function (IRF) measured by shining the laser at the
detector. The captured histogram represents the IRF recorded across wavelength, intensity,
and time A). The heatmap of the recorded decays highlights the temporal variability of this
feature across different time intervals B). The full width at half maximum (FWHM) illustrates
the variation of the IRF widths across channels C).

We observed that the measured IRF decay traces at each channel, similar to the IRF meas-
ured from the excitation source, is not aligned in the temporal domain (Fig. 2.6 E & G) [35].
However, the arrival times of both measured IRFs, and the IRF from the excitation source are
observed to be in alignment with each other (Fig. 2.5 B & Fig. 2.6 E & G). As aforementioned,
filters and a beam splitter within the optical path of the setup prevents light below 512nm
entering the detector, therefore, measurements were assessed from emission here after.
When assessing the FWHM of the two measured IRFs they align in similar regions with
an average of 0.49ns observed of RB, and 0.53ns of Fluo (Fig. 2.6 F & H). In addition,
we hypothesise due to the different fluorescence emission signals (and the spectral location
of emission peaks), the FWHM of quenched Fluo has more variation (standard deviation of
0.06 ns, compared to RB 0.04 ns), and has a higher than average FWHM compared to both
the measured IRF with the laser and the quenched RB (Fig. 2.6 F & H).

2.3.3 Convolution with Quenched Fluorophores

To compare the difference between using either quenched Fluo or quenched RB, the Fl and FL
was assessed using reference exogenous fluorophores (as aforementioned in section 2.3.1).
The FL and FI of these decay traces were calculated using the NLLS method, as described
above, with equations 1.8 and 1.7 representing the model function.

A higher average FL of Fluo was observed when analysed using quenched RB as the IRF
(3.35ns) compared to using quenched Fluo (3.20ns) (see Table. 2.1). In addition, a shift
in the spectral emission peak is observed when estimating the FI with the different IRFs
(523.47 nm with quenched RB and 515.82 nm with quenched Fluo) (see Fig. 2.7 A, B, E & F)
(see Table.2.1). A higher average FL of RhB was also observed when analysing the decays
using quenched RB compared to using quenched Fluo (2.20ns and 2.07 ns respectively).
In addition, a blue shifted emission peak is observed with a quenched RB IRF compared
to with a quenched Fluo (562.74 nm and 587.73 nm respectively) (see Fig. 2.7 C, D, G &
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Figure 2.6: Comparison of an instrument response function measured either from quenched
rose-bengal or quenched fluorescein sodium. A) shows the emission spectrum of quenched
rose-bengal, B) show the corresponding histogram following normalisation by the area,
mitigating the emission shape. C) shows the emission spectrum of quenched fluorescein
sodium, D) shows the corresponding histogram following normalisation by the area. E) shows
the temporal delay of the arrival of the individual photons in each channel from an IRF
measured of quenched rose-bengal. F) shows the full width at half maximum (FWHM) of
the signal from the quenched rose-bengal IRF. G) also shows the arrival time of the individual
photons in each channel from an IRF measured from quenched fluorescein sodium, and H)
shows the FWHM.
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Table 2.1: Fluorescence lifetime differences between two reference fluorophores, where two
different measured IRF’s are incorporated into the analysis routine.

Rhodamine B Rhodamine B Fluorescein Sodium  Fluorescein Sodium
average lifetime (ns) emission peak (nm) average lifetime (ns) emission peak (nm)

Quenched
Rose-bengal IRF
Quenched
Fluorescein Sodium IRF

2.20 562.74 3.35 523.47

2.07 587.73 3.20 515.82

H) (see Table.2.1). The FL and FI from both measured IRFs are within the expected range
of these fluorophores from the literature [47, Table 2]. However, a decrease in the FL of both
fluorophores is observed with the Fluo IRF. A hypothesis for this is that the FWHM is marginally
wider than that of the detector. Therefore, the IRF captures both the IRF from the device as
well as photons from Fluo. This results in lower FL values of the measured samples during
the deconvolution process.

The primary objective for selecting an IRF is to provide an accurate deconvolution of FL values
from the measured fluorophores in a sample. As the average FWHM is in agreement with the
FWHM when estimating an IRF from shining the laser directly onto the detector, quenched
RB is used to capture the EP-TRFS’s IRF in this thesis. However, the use of RB limits the
analysis across the spectral region, particularly <550 nm and above 630 nm as the spectral
region of this fluorophore does not provide significant decays outwith these wavelengths (see
Fig. 2.6 A). This is a major limitation to the results collected in this thesis.

2.4 Sample Specific Alterations

Sample specific alterations include factors affecting the measured Fl and FL of a sample
independent of the composition of fluorophores changing due to the diseased status of tissue.
Therefore, three main features of data collection are explored. First, the concentration limit
of the detector is examined to assess the stability of FL with varying photon counts. Next,
the photo-physical effects of different tissue storage methods prior to data collection are
investigated. The chapter concludes with experiments testing whether photobleaching alters
the FL of the measured samples.
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Figure 2.7: Fluorescence intensity (FI) and fluorescence lifetime (FL) estimations of Fluor-
escein dissolved in PBS at a concentration of 1uM (A), B), C), & D)) and Rhodamine B
dissolved in methanol at a concentration of 10 uM (E), F), G), & H)). The Fl and FL values
were estimated using the least squares method, deconvolved with a measured instrument
response function (IRF). A, B, E & F were deconvolved with an IRF measured with quenched
rose-bengal. C, D, G & H were deconvolved with an IRF measured with quenched fluorescein
sodium.
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Table 2.2: Power output of the excitation laser following its attenuation with varying neutral
density filters.

ND filter 0 5 10 11 12 14 15 16
Laser power (W) 184 54 17 12 11 6 5 3

Table 2.3: The average fluorescence lifetime of Rhodamine B following a serial dilution from
20 uM to 4 uM

Concentration (uM)  Fluorescence lifetime (ns)

4 1.49 £ 0.10
6 1.50 £+ 0.06
8 1.49 £ 0.05
10 1.46 £ 0.04
12 1.47 £ 0.04
14 1.42 £ 0.04
16 1.37 £ 0.03
18 1.28 £ 0.03
20 1.17 £ 0.03

2.4.1 Concentration Dependent Lifetime

In the context of tissue AF, the range of FL as mentioned is expected to vary from 0.1 ns-
<10ns. Therefore, to assess the accuracy and stability of FL in decreasing concentrations
RhB (Sigma-Aldrich: 102 406 918), dissolved in water, with an anticipated FL of 1.52ns + 0.1
[153], was measured two fold, with the same aforementioned TCSPC setup (i.e., matching
exposure time and laser repetition rate). In the first instance a serial dilution was performed.
RhB was mixed up in a range of different concentrations from 20 uM-4 uM and a 2 uM step
size. To mitigate the impact of different concentrations on the FL of the fluorophore, in parallel
RhB at a fixed concentration (20 uM) measured using neutral density (ND) filters with various
attenuation was assessed. 8ND filters were used reducing the laser power from 184 uW -
3uW (see Table. 2.2). As aforementioned, quenched RB is used as the IRF, therefore the
spectral range of this fluorophore analysed is 550 nm-630 nm.

As anticipated, the photon count of the peak spectral intensity dropped from 3624.0 to 667.0
in a declining concentration of RhB from 20 uM to 4 uM (see Fig. 2.8 A). The average FL
changed when RhB is estimated in different concentrations ranging from 1.50 ns-1.17 ns (see
Fig. 2.8 C, and Table 2.3). The standard deviation of the FL between 4 uM-14 uM decreased
from 0.1-0.04, but the FL remained within the expected region of 1.52 ns + 0.1 [153]. However,
the average FL dropped below the expected region with increasing concentrations between
16 uM-20 uM (see Fig.2.8 C, and Table 2.3). We hypothesise this drop in FL is an artefact
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observed in TCSPC mode known as early photon pile-up. In pile-up during each repetition
rate of the laser pulses >1 photon arrives at the detector, overemphasizing photons with
shorter arrival times and skewing the detection, resulting in an artificial drop in the FL of the
recorded decay traces [34, Section 2]. Therefore, RhB samples <16 uM are used in the thesis.

The peak spectral intensity also dropped with increasing ND filters, attenuating the signal
(from 2963.0 to 450.0) (see Fig. 2.8 B). Moreover, the peak of the spectral emission remained
in at 587.73nm when all ND filters were used (see Fig.2.8 B). In comparison to the serial
dilution of RhB, the average FL when estimated from ND filters is relatively stable, but a slight
increase from 1.57 ns with an ND of 5 to 1.60 ns with an ND of 16 is observed (see Fig. 2.8
D). The average FL is also marginally greater than when a serial dilution of RhB is estimated.
However, all values are within the expected range of the fluorophore (1.52ns 4+ 0.1), even
in particularly low photon counts and a low excitation laser power of 3uW. These results
suggest that the FL and spectral range of fluorophores measured on the EP-TRFS device in
low photon counts and concentrations remains stable and accurate.

Figure 2.8: Comparison of the fluorescence profile of Rhodamine B dissolved in water, from
a serial dilution (A) and C)) and following the attenuation of a laser with neutral density (ND)
filters (B) and D)
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2.4.2 Tissue Sample Preparation

The final set of sample-specific experiments conducted evaluates variations in sample pre-
paration methods of tissue. This assessment is essential to determine if differences in the
measured signal arise from the tissue preparations alone. All tissue measurements are col-
lected with the fibre of the system integrated into a Cartesian robot. This allows control of
the fibre on a precise location of tissue in the X Y and Z axis. The tissue samples are also
pinned onto a foam board for stability. Between each sample change (including samples from
the same patient), the fibre tip is cleaned with non-fluorescence 80 % ethanol.

Depending on the collection time of the tissue, fresh measurements are not always possible.
To assess whether tissue storage altered the fluorescence profile of samples, lung tissue
declined for transplant is tested (AJEQ226). The tissue was measured fresh after being placed
in a cold unit at 4 °C (see Fig. 2.9 A & B). The sample is then left in a -80 °C freezer for a
week and reassessed, using the robot to direct the fiber into the same location as the fresh
measurement. Note that variation in the placement of the tissue on the analysis board may
have resulted in a slight difference in the precise location. However, a negligible difference
between both the FI and FL can be observed between either sample (see Fig. 2.9), with
an average FL of 0.90ns in the fresh sample and an average FL of 0.92ns following the
freeze/thaw. These results align with previous results comparing the FL of frozen and fresh
tissue [154]. Therefore, depending on the sample collection time the samples are collected,
the tissue samples are either measured fresh or thaw following a brief incubation period in a
-80 °C freezer.

2.4.3 Photobleaching

The final sample-specific experiment conducted is the effect of photobleaching. The pho-
tobleaching effect of tissue is endogenous fluorophore specific, and subsequently dependent
on the optical setup of the device as aforementioned, determining which fluorophores are
excited and detected. Three different locations of lung tissue declined for transplant are as-
sessed (AJJG174) using HistMode of the EP-TRFS device. In HistMode, multiple histograms
are collected in 32 time bins with a temporal resolution of 800 ps, each with a 20 ms exposure
time at location 1 and 30 ms at location 2 and 3, with negligible timing between histogram
acquisitions. Samples are exposed to the excitation source, collecting tissue fluorescence
for 120 s at each location, with the same excitation power as when used in TCSPC mode
(192 uW) (see Fig. 2.10). TCSPC data collection in our system is not optimised for high speed
and involves an overhead in data collection time, resulting in a total runtime of 10s while
the sample is being exposed to light, even though the actual exposure time while photons
are collected is shorter for acquiring data with 1.5 x 108 exposures and an exposure time of
5 us for a single histogram. Therefore, any photobleaching measured using TCSPC can be
approximated to any photobleaching observed in HistMode during a total exposure of 120s.
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Figure 2.9: The estimated fluorescence intensity and fluorescence lifetime of a lung declined
for translated and prepared either fresh following a brief incubation in a cold room A) and C),
or thaw after storage in a -80 freezer B) and D).

A drop in Fl is observed in in all locations over the 120 s when sampled every 20 or 30 ms
(i.e, the exposure time of each histogram measurement) (see Fig. 2.10 A-C). From 737-264
in location 1, 1194-375 in location 2 and 1057-344 in location 3. In addition, a slight shift in
the average FL is observed from 1.75ns 4= 0.6 to 1.42ns + 0.5 in location 1, 0.92ns + 0.28
to 1.16ns + 0.40 in location 2 and 1.82ns £ 0.47 t01.38 ns 4 0.49 in location 3. Despite the
differences in the FL values, the change in direction between all samples is different (a slight
increase in FL is observed between 0-120s at location 2, however, a decrease at location 1
and 3). Moreover, the range of values is large and overlap in all cases (see Fig. 2.10 D-F).
As mentioned, the collection time when used in TCSPC mode is around 10s per histogram,
therefore, following repeated measurements, we can conclude that photobleaching of tissue
485 nm although influencing the FI, only minimally effects the FL.
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Figure 2.10: Tissue measured following prolonged exposure to an excitation source was
assessed. Three different sampling locations were used for data collection. A), B) and
C), show the emission profile of the sample locations. D), E) and F) show the estimated
fluorescence lifetime.

2.5 Discussion

This chapter evaluates potential data artifacts from the EP-TRFS and variations within the
measured sample which can occur independently of changes to the underlying fluorophores.
We aim to identify effective strategies for addressing these variations to ensure accurate
interpretation of the results here after.

Various methods for for handling temporal decay features are first presented, either by re-
moving the temporal jitter from the observed decay (tail fit), or incorporating an IRF into
the analysis pipeline. Initially, we demonstrate results obtained using a tail fitting approach
applied to known reference fluorophores RhB and Fluo. This highlights an increase in FL
compared to where a deconvolution approach is applied, attributed to photons in the initial
time bins perturbed both by the IRF and the measured sample. Subsequently, we examine
two quenched fluorophores, RB and Fluo. These are considered suitable for integration into
a deconvolution analysis model as the measured IRF due to short expected FL values. We
compare these quenched fluorophores to an IRF obtained by shining the excitation laser dir-
ectly onto the detector. Furthermore, the performance of the two measured IRFs are assessed
when incorporated into an analysis model, focusing on accurately estimating both FL and FI
of RhB and Fluo.
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Despite covering a red shifted spectral range compared to Fluo, quenched RB exhibits a
FWHM matching that of the optical setup. Consequently, it is concluded that quenched RB
is the most suitable fluorophore. Using fluorophores to measured the IRF, whilst accurately
capturing the time-resolved features, presents a significant limitation only capturing the spec-
tral range of the fluorescence emission. Therefore the appropriate spectral analysis range
using a deconvolution method with this setup and quenched RB is between 550 nm-630 nm
(see Fig.2.6 A). This allows a greater spectral bandwidth resolution analysis of fluorescence
following the excitation at 485 nm compared to previous devices used to assess tissue. How-
ever, prevents the potential full spectrum to be analysed, which is a significant limitation. One
potential improvement could involve evaluating an IRF from erythrosine B, with an emission
range of 500-620 nm, this may allow fluorophores with emission peaks around 520 nm (such
as FAD) to be assessed. An alternative method is to develop an analysis tool which is able to
simultaneously extract the fluorescence from both the sample and the IRF. This is something
we save for future work.

Specific to the EP-TRFS device, as mentioned in the introduction, and observed in Fig.2.7, a
jitter across both the timing range of incoming photons, and a sensitivity across the emission
spectra, independent of the number of photons collected per pixel is observed. Whilst the
temporal jitter is accounted for with the IRF, the spectral sensitivity remains unaddressed. The
spectral sensitivity is observed by a difference in photon sensitivity at individual neighbouring
pixels (see Fig.2.7). This spectral sensitivity may limit the devices potential to delineating
multiple individual fluorophores, as the emission at each channel is influenced both by the
emission from the fluorophores and the spectral sensitivity. Characterising the feature and
incorporating this into the analysis routine is also something we leave to characterise in future
work.

Sample specific alterations are also explored within this chapter, focusing initially on the
sensitivity of FL in low photon counts. Initially, we compared a serial dilution of RhB with
measurements taken after an attenuation of the laser through a series of ND filters. Our
initial observations indicate that the FL and peak intensity of RhB following laser attenuation
remain relatively constant, suggesting the device is sensitive even when lower photon counts
are captured. Moreover, in the samples from a serial dilution, the average FL matches the
expected values of RhB in water from 4 uM-14 uM, with decreasing variance as the con-
centration increases (and so the subsequent number of photons increases) (see Table 2.3).
However, a drop in FL is observed between 16 uM-20 uM which we attribute to early photon
pile-up. Therefore, RhB when used as a reference sample in TCSPC mode is recorded in
concentrations <16 uM. The likelihood of pile-up from endogenous fluorophores in tissue is
reduced as these fluorophores are generally dimmer than exogenous fluorophores. They are
also present in lower concentrations and have lower quantum yields, reducing the likelihood of
this issue when measuring tissue AF. Given the stability of the FL, and the overlap between the
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values compared to the expected values in the literature, it can be concluded that the device
is accurate in estimating the FL in various photon levels. However, these measurements
were conducted with an exogenous fluorophore, which has a different photo-physical property
compared to endogenous fluorophores in tissue.

The experiments conducted on tissue preparation include measuring the same sample follow-
ing different preservation methods. This experiment shows neither method perturbs the photo-
physical proprieties of the tissue, therefore, both storage methods are used prior to tissue
collection. The final photobleaching experiments conducted in this chapter show the photo-
chemical properties of tissue following prolonged exposure to the excitation source (between
0-1205). The results show marginal changes in the FL of tissue, suggesting that when TCSPC
mode is used, and a maximum exposure time of <30s is applied, the overall FL change
is minimal. However, the tissue experiments conducted in this chapter are conducted on
lung tissue which has been rejected for transplantation. The photo-chemical properties both
between these lung tissues assessed and from lung tissue of patients with suspected cancer
may also be different. To provide an enhanced understanding of both the effect of sample
preparation methods and photobleaching, more samples are required. This is a limitation to
these results, however, due to limitations in lung availability was not possible during this thesis
but something we save for future work.

2.6 Conclusion

In summary, this chapter comprehensively evaluated both device and sample specific altera-
tions. Initially, various quenched solutions for measuring an accurate IRF ensued. Our findings
indicate that quenched RB is the most suitable option for this device. This determination is
supported by its average FWHM of 0.49 ns, aligning well with the FWHM of the IRF measured
using the excitation laser, and its emission peak positioned towards the center of the detector
channels. Furthermore, the investigation into concentration-dependent FL, both through serial
dilution of RhB and the use of ND filters revealed a consistent accuracy in FL even at lower
laser powers (3 uW). Additionally, we explored variations in tissue preparation methods, par-
ticularly in different tissue storage techniques to ascertain their impact on fluorescence data
quality. Our results indicate that neither of these factors significantly influences fluorescence
quality. Lastly, we investigated the effects of photobleaching on tissue data obtained using the
EP-TRFS device. Our analysis revealed no significant variation in FL with increasing exposure
time to the excitation source. Thus, we conclude that the observed photobleaching effect on
tissue using this setup is negligible.



Chapter 3

Multichannel Fluorescence Lifetime
Estimation

Analysis techniques for assessing FL, traditionally rely on channel specific measurements,
often analysed using devices that collect the temporal emission in large wavelength bandwidth
resolutions. However, the underlying fluorescence emission of a fluorophore tends to have a
broad peak and emit over a wide-ranging wavelength range.

The device used to measure time resolved fluorescence in this thesis collects high-resolution
spectral-temporal histograms of the resulting fluorophores. Therefore, the initial aim of this
thesis is to develop an analysis tool which is able to incorporate the fluorescence across the
wavelength range to simultaneously estimate both the total emission spectrum and corres-
ponding FL. This chapter presents the computational model called MuFLE, the Multichannel
Fluorescence Lifetime Estimation model. The results of this chapter are published in IEEE
Transactions of Biomedical Engineering titled: Simultaneous Spectral Temporal Modelling for a
Time-Resolved Fluorescence Emission Spectrum, therefore, the exact format of the published
paper is included.
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Simultaneous Spectral Temporal Modelling for a
Time-Resolved Fluorescence Emission Spectrum

Alexandra C. Adams, Andras Kufcsak, Katjana Ehrlich, Kevin Dhaliwal and Sohan Seth

Abstract—Innovations in complementary metal-oxide
semiconductor (CMOS) single-photon avalanche diode
(SPAD) technology has featured in the development of next-
generation instruments for point-based time-resolved fluo-
rescence spectroscopy (TRFS). These instruments provide
hundreds of spectral channels, allowing the collection of
fluorescence intensity and fluorescence lifetime information
over a broad spectral range at a high spectral and temporal
resolution. We present Multichannel Fluorescence Lifetime
Estimation, MuFLE, an efficient computational approach to
exploit the unique multi-channel spectroscopy data with
an emphasis on simultaneous estimation of the emission
spectra, and the respective spectral fluorescence lifetimes.
In addition, we show that this approach can estimate the
individual spectral characteristics of fluorophores from a
mixed sample.

Index Terms— Fluorescence lifetime, time-resolved fluo-
rescence spectroscopy, B-splines, non-linear least squares,

|. INTRODUCTION

Fluorescence spectroscopy (FS) is an analytical tool used to
measure the spectral characteristics of fluorescence emission de-
tected from molecules (fluorophores) following their excitation
with monochromatic light [1, Chapter 2.3]. The spectroscopy
of endogenous fluorophores, when assessed in tissue, allows for
the differentiation between certain tissue conditions and disease
status [2], [3]. FS analyses the distribution of fluorescence
intensity (FI) over wavelengths, i.e., the emission spectrum. FI
measures the relative ‘brightness’ of the fluorophore related
to its quantum yield, i.e., the proportion of photons emitted
following absorption, and its concentration [4].

FS has several limitations, e.g., the emission spectrum
depends on the concentration of individual fluorophores when
multiple fluorophores are present. This can be overcome by
measuring the fluorescence lifetime (FL) [1, Chapter 1]. FL
describes the average time a fluorophore spends in its excited
state [1, Chapter 1], it is fluorophore specific and sensitive to
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the environment. Therefore, analysing both FL. and FI together
can provide detailed optical information of a sample, e.g., tissue
[5].

Recent technological advancements and improvements in
signal processing have seen FL devices entering clinical studies
[6]. FL devices have shown the potential to discriminate
cancerous and non-cancerous tissue in head and neck surgery
[6], [7]; in the detection of brain [8] and gastrointestinal
tumours, [9] and in the detection of early stage lung cancer [10].
Given the specificity of FL, these devices have the potential
to greatly improve the diagnostic accuracy where uncertainty
in the diagnosis remains [11], [12]. However, to enable the
diagnostic potential of these devices, dedicated data analysis
methods are needed to improve their sensitivity, specificity and
the inter- and intra-patient variability [13].

Traditionally, two types of devices allow FL to be measured,
frequency-domain based and time-domain based [3]. We
focus on the latter in this study. These devices capture the
fluorescence emission as a function of time delay following
pulsed excitation. There two are main spectroscopic setups
for time-domain based devices: an imaging setup, either
via scanning or wide-field microscopy, referred to as the
fluorescence lifetime imaging microscopy (FLIM), or a point
based setup, referred to as the time-resolved fluorescence
spectroscopy (TRFES) [3], [5], [13]. Both these setups can
have either a time-correlated single-photon counting (TCSPC)
based detector or a time gated (TG) detector, and can measure
emission at either a single wavelength or multiple wavelengths.

Commercially available devices with a scanning monochro-
mator and a single detector can assess FLs in a single channel.
To achieve a multi-channel assessment using this set up,
repeated measurements over the selected wavelength range is
required. These devices achieve good signal-to-noise ratios due
to their high stray light rejection, however, recording repeated
measurement is inefficient, likely to induce photobleaching
and motion artefacts [1, chapter 2]. Alternative multi-channel
devices developed in research include the multispectral (ms-)
TREFS device. ms-TRFS utilises band pass filters that segregate
the fluorescence signal into four distinct channels matched
to the fluorescence emission maxima of specific endogenous
fluorophores, NADH, FAD, elastin and porphyrin, with coarse
wavelength bandwidths between 40 nm and 53 nm [14]. Here
each channel arrives at the detector consecutively via optical
fibres of different lengths, the fibres allow a time delay of
45 ns between the signal. The number of wavelength specific
fibres used in this setup dictates the number of channels the
fluorescence decays are segregated into, e.g., 3 channels are
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used in [15] and 4 channels are used in [6]. This device allows a
rapid multi-spectral assessment, but is limited in the wavelength
bandwidth resolution.

Recently, highly integrated devices composed of comple-
mentary metal-oxide semiconductor (CMOS) single-photon
avalanche diode (SPAD) arrays, has enabled extensively parallel
point-based TRFS (EP-TRFS) measurements based on TCSPC,
which allows for both FI and FL to be resolved spectrally
[16]-[19] (see Fig. 1A). Following spectral dispersion with a
grating, these devices enable photons of known wavelengths to
be recorded in hundreds of individual wavelength channels with
independent timing circuits recording respective photon arrival
times. The recorded photon arrival times can be converted into
a two-dimensional histogram of photon counts over wavelength
channels and time bins to build a time-resolved emission
spectrum (TRES) (see Fig. 1B) [18]. The advantage of these
EP-TRFS devices is a multi-channel, spectral (see Fig. 1C)
and temporal assessment of the sample providing extremely
information-rich profiles. In addition, it allows the spectral FL,
i.e., the FL value of the individual channels across a wavelength
spectrum, of a heterogeneous sample to be assessed in high
resolution (see Fig. 1D).

Existing computational tools are designed to process time-
resolved data from a single channel, and there exists many
approaches to estimate the FL with varying complexity and
accuracy. For a rapid assessment, fit-free approaches are most
common, specifically the centre of mass (CM) calculation
[20], [21] and rapid lifetime determination (RLD) [22], [23].
However, these approaches are limited to estimating a sin-
gle (average) FL. To resolve multi-exponential decays at a
wavelength channel, other curve fitting methods such as the
maximum likelihood estimation [24], the Laguerre polynomials
expansion [25] and least squares approach are preferable [26].
These methods can estimate both the FI and FL, for each
fluorophore at each channel. These techniques, however, are
limited considering they are applied to each channel separately.
In addition, where TRES is available, existing approaches
often reduce the high resolution channel information into a
single, or a few channels of low resolution (by marginalizing
the histogram) and thus, losing crucial information on the
emission spectra as well as any potential variation of FL over
the channels.

We propose that the high-resolution, time-resolved data
generated by EP-TRFS requires dedicated algorithms to fully
explore their information content. We present Multichannel
Fluorescence Lifetime Estimation (MUFLE), a computa-
tional framework to analyse TRES that simultaneously captures
the fluorescence emission spectra and the FLs of individual
fluorophores in a sample. In MUFLE, we estimate one or
more FIs and FLs at each channel using a least squares
approach by fitting either a single or multi-exponential decay
model, and we simultaneously utilise the information within
the spectral context by allowing the fitted FI and FL values
to vary smoothly across the channels. We hypothesise that
MUFLE can better capture the fluorescence characteristics
of a sample encompassing all data points in the spectral and
temporal domain of TRES simultaneously.

The contribution of the paper is three fold: first, we present

a novel approach, MUFLE, to analyse multi-channel time
resolved fluorescence spectroscopy data for simultaneously
estimating the FIs and FLs of underlying fluorophores along
with the associated uncertainties, second, we experimentally
show that MUFLE can effectively capture the FIs and FLs of
single fluorophores using three reference solutions, and third,
we experimentally show that MUFLE can reliably un-mix two
fluorophores using two mixed solutions.

Il. METHODS

We denote a function over continuous variables, e.g., t or
w (for time and wavelength respectively) as x(t) or z(w,t)
while we denote its corresponding discrete representations as
z[m] = x(t,) and z[p, m] = x(wp, t,, ), respectively. Given a
function over two variables x[p, m|, we denote one dimensional
slice of the function at an index p as (z[p])[m]. We denote by x
(lower case bold) a M-dimensional vector [z[1],...,z[M]]T,
and similarly by X (upper case bold) the P x M sized matrix
with entries x,,, = z[p, m]. We denote the observed histogram
of photon counts as Y, the photon count at time bin m and
wavelength channel p as y[p, m]. Note that photon arrival times
are quantised by the detector’s time resolution, and therefore,
Ym denotes the photon count over the interval [t,,,_1, t,,], rather
than an instantaneous photon count at ¢,,,. Although we assume
this to be instantaneous when the binwidth is sufficiently small,
e.g., of 50ps. We denote the observed instrument response
function (IRF) over time and wavelength as H, and denote
the IRF at a specific wavelength index p as (h[p])[m]. See
supplementary table IV for the notations used in this paper.

A. Standard least squares fitting

Let us model the decay trace at a single channel with s(t).
The fitted signal s(t), in the continuous domain is usually
expressed as a composition of multiple exponential decay traces,
one for each fluorophore present in the sample, convolved with
the IRF and an additional bias, i.e.,

L

s(t) = (f+h)(t)+band f(t) =Y vexp(—t/n)H(t) (1)
1=1

where ~; and 7; are the relative FI and FL of the [-th fluorophore,

b is the bias due to the dark counts of the detector and the

fibre background, A(t) is the IRF at a single channel, * denotes

convolution, and H is the Heaviside function. Eq. (1) can also
be expressed in the discrete domain as

L
s[m] = (f *h)[m] + b and f[m] =y exp(=tm/7) ()
=1
with m € {1,..., M} under the assumption that the time bin
width is sufficiently small. Let y[m] be the observed signal at
the m-th bin, then FI and FL values can be found by minimizing
the loss function
M
Ji= (ylm] — s[m])”

m=1

3)

with respect to s, 7;s and b given h[m] is known.
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Fig. 1. A) lllustration of the EP-TRFS instrument device used in this study, including a pulsed laser, coupling and collection optics, a spectrometer
and a complementary metal-oxide semiconductor (CMOS) single-photon avalanche diode (SPAD) line sensor. The black arrows represent the
direction of the electrical signals, while the coloured arrows represent the direction of the optical signals going to (blue) or from (green) the sample. B)
The pre-processed histogram of RHB-ME in a truncated spectral range of 552.03 nm - 628.02 nm. Results from RHB-ME showing C) the fluorescence
intensity and D) the fluorescence lifetime. Lines represent the estimated intensity and fluorescence lifetime (orange) using the MUFLE algorithm
(C,D). The gray line represents the underlying intensity from the histogram following its normalisation (C). Dots represent the fluorescence lifetime

(grey) for single channel fits (D). Figure created with BioRender.com.

B. Multichannel least squares fitting

In the EP-TRFS system (Fig. 1), the observed decay trace
is not only recorded over time, but also across wavelength
resulting in TRES. If the relative FI and FL over the spectral
domain vary as v;(w) and 7;(w) respectively, then we can
express the TRES histogram as

s[p,m] = (f[p] * h[p])[m] + b[p] “
with

L
flpsm) = nlwp) exp(—tm/mi(wp)) ®)
=1

where we assume that b(p) is the bias that varies across the
channels, and (h[p])[m] is the IRF at channel p. Then FI and
FL spectra can be found by minimizing the following loss
function

M

(y[p7 m] - 5[177 m])27 (6)

P
Ja=3_

p=1m=1

given hlp, m].

C. Fluorescence intensity and B-splines

Given a sequence of knots £ = [Qy,...,Q,41], B-splines
basis functions of order k are composed of polynomials of
degrees up to k — 1 where the higher order basis functions

are defined recursively using the lower order basis functions
(also known as Cox-de Boor recurrence relation [27]) such

that for n > k > 2! B, (w) ﬁBM,l(w) +
%Bile’k,l(w) Vi = ]., o, n = k + 1 where Qz <

w < Q4 (and the function is zero elsewhere), and where
B, is defined as B;1(w) = 1 for Q; < w < Q;41, and 0
otherwise, Vi = 1,...,n.

We use open uniform knot sequences such that between
[, Qo] U = Vi <k Qi — Q = Do
VkE <i<n—k+2 Q = Qu1, Vi >n—k+ 2 and
we refer to the knot sequences £k < ¢ < n — k + 2 as
the internal knots. See supplementary Fig. 5 for 6 B-spline
basis functions of k£ = 4 between [0, 1] with knot sequences
[0,0,0,0,1/3,2/3,1,1,1,1]. Given the basis functions we
approximate an unknown function as f(w) = Zle a; B; i (w)
where a; are coefficients to be estimated, and I =n — k + 1.

To capture the variation of FI over wavelengths, we assume
that the respective emission spectrum for each fluorophore is
smooth, and approximate them using B-splines as ~;(w) =

f;l a};Bi k., (w) where a”'s are the coefficients with a given
order k., for the [-th fluorophore. Notice that although the
emission spectrum is assumed to be smooth, the observed
spectrum can have jitter between consecutive channels due to
different channel sensitivities. However, we ignore this in the
formulation for simplicity.
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D. Spectral Fluorescence Lifetime

The EP-TRFS system enables the collection of FL infor-
mation across several channels, and although FL of a single
fluorophore is expected to be constant over wavelengths [28,
Chapter 3.4], this can vary in practice for several reasons. For
example, if we consider a multi-exponential decay trace with
two fluorophores (a and b) with single exponential decays and
constant FLs (7, and 73) then:

f(w,t) = va(w) exp(—t/7a) + (W) exp(—=t/7).  (7)

As the intensities, reflecting the individual emission spectrum
of the fluorophores (v,(w) and v,(w)) change across the
wavelength, FLs when estimated by a single exponential will
also vary across the channels.

To capture this change of FL across the wavelength range, we
consider several parameterisation schemes. Particularly, while
estimating a single exponential fit over the channels, we ap-
proximate the variation of FL over wavelengths using B-splines
as 7(w) = Zf;l al;B; i (w). However, while estimating a
multiexponential fit over the channels, we approximate the
variation of FL for each fluorophore as a linear function of
wavelength as 7,(w) = aj;w + af, to reduce the computational
complexity but to yet allow flexibility for accommodating
model mismatch in terms of the number of fluorophores L.

E. Optimization

Our goal is to find coefficients a”’s, a”’s and biases b’s by
minimizing the loss function (Eq.6). Although ~(w) and 7(w)
are both positive, we do not use these constraints explicitly to
simplify our optimization. We use a gradient descent algorithm
to find the parameters. The first-order derivatives of the cost
function with respect to the parameters are as follows.

G =2 > b G ®)
2 - 233 el BBl ©)
0.7 RS
o] —2exp(blp']) mZ:jlo[p ,m] (10)
where

olp,m] = y[p, m] — s[p,m] an

v[p, m, 1] = exp(—=m/7[p]) * (h[p])[m] (12)
slp,m, 1] = (mexp(—m/7[p])) = (h[p])[m] ~ (13)

and b[p'] = exp(b[p']) is reparameterzied to make it positive.
The computation of the gradient scales linearly with P, L, and
I, and log-linearly with M.

F. Implementation

To compute the least squares solution using the Levenberg-
Marquardt algorithm, SCIPY OPTIMIZE.LEAST_SQUARES is
used [29]. We initialise the intensity coefficients a?i as a

random number generated uniformly between (0, 1), such that

the emission spectra is initialised as a constant across the
channels. While for each /, we initialize FL coefficients aj; as
a random number generated uniformly between (0, 4), such that
FLs are constant over the channels but different for different
fluorophores. We choose this range of initial FL. values since
it is in the expected FL range for the fluorophores used in our
study, but this can easily be adapted. To find the B-splines
basis functions, SCIPY version 1.8.0 INTERPOLATE package,
specifically BSPLINE BASIS_ELEMENT is used [29].

G. Estimating uncertainty

We estimate the uncertainty of the estimated parameters using
Cramer-Rao bound, i.e., the covariance matrix of the estimated
parameters X is approximated as the inverse information matrix.
We estimate the information matrix as o2H where o2 is the
variance of the residual, and H is the Hessian matrix of the
cost function. Given the covariance matrix of the estimated
parameters, we use the delta method to compute the error
band around the estimated emission spectra and spectral FL.
[30]. For example, let 27 be the covariance of the estimated
intensity coefficients for the {-th fluorophore then var(v;(w)) =
BT (w)X]B(w) where B(w) = [By 4 (w), ..., Brp(w)]".

We estimate the Hessian matrix in closed form (Eq. 16-
24). Notice that although we report confidence interval in the
Figures and Tables presented in the result section, the respective
confidence interval can be very narrow (see Fig. 1D).

H. Selecting hyper-parameters

MUFLE requires choosing hyperparameters for the splines
fitting, i.e., the sequence of knots and the splines order for both
FI and FL. Given the complexity and shape of both FI across
the spectrum, and the spectral FL for the single exponential fit
(i.e., L = 1), a cubic spline (4th order) is selected. To choose
the two knot parameters, i.e., I, and I, we use cross-validation.
At random, 90 % of the time bins are selected as the training
set, and the remaining 10 % are selected as the validation set.
Cross validation was trialed over a grid for differing number
of internal knots (i.e., n — 2k + 1 = 1,2,3) with random
starting parameters (as previously stated in Section. II-F), and
the best performing parameters were chosen (see supplementary
Tables V, VI, and VII for cross-validation results of experiments
performed in section IV and see supplementary Figs. 6, 7 and
8 for FI and FL fits achieved by different hyper-parameter
choices).

I. Fit-free methods and Multi-channel comparison

To compare the results of MUFLE with other traditional fit-
free approaches (in addition to using the least squares method
across the individual channels (as stated in Section. II-A)), the
CM [20], [31] and (RLD) [22] are implemented and applied
across the individual channels. The CM is calculated as:

Yot ((m = DM +T/2)y,,
Y= M
Zm:1 Ym
where T represents time bin width. We report ¥s — ¥rp as

the estimated CM, incorporating the CM from observed signal
(¢s) and the CM of the IRF (¢rp) [20].

(14)



AUTHOR et al.: PREPARATION OF PAPERS FOR IEEE TRANSACTIONS AND JOURNALS (FEBRUARY 2017) 5

For a single decay trace, FL is calculated using RLD method
by splitting the decay into two windows, such that

(mpeak+M/)/2 M’

QO = Z Ym and :[71 = Z

M=Mpeak m:(mpeak+M/)/2+1

Ym (15)

where mypeq is the time bin containing the highest photon
count, and

- M if M — mpeqx 1S even
M — 1 otherwise .

It should be noted that the bin number containing the highest
photon count varies across the spectrum. Each window has a

: 7 . . a M’ —mpeq
width of 7" which is calculated by 7" = TTP. Therefore,

FL [22] can be calculated as RLD = ﬁ

To compare the results from the EP-TRFS device used
in this study, to devices that calculate the spectral lifetime
from a single channel with large spectral bandwidth, multiple
channels were marginalised by summing the decays across
the wavelength axis, in a 20.39 nm wavelength window. The
window was selected such that the middle channel contained the
peak emission. Following this ‘smoothing’ of the decay traces
across the wavelength window, the lifetime of the smoothed
decay trace was computed using single exponential least squares
model, CM and RLD.

Il1. DATA COLLECTION
A. TRFS System

The EP-TRFS system used for data collection is comprised
of a pulsed laser (laser diode head (LDH-P-C-485, PicoQuant,
Germany) and laser driver (PDL 800-D, PicoQuant, Germany))
with an excitation wavelength of 485 nm and repetition rate
of 20MHz, coupling and collection optics (aspheric lenses
of 11 mm focal length and numerical aperture (NA) of 0.3
for focusing and collimating (Thorlabs, UK) and dichroic
beam splitter (FITC-LPO1-Clinical-000, Semrock, US)), a
bespoke, multi-mode optical fibre of 35 um core diameter [32]
to transport the excitation light and fluorescence emission to
and from the sample (Fig. 1A), and a spectrometer (with a
volume phase holographic grating (600 grooves / mm, Wasatch
Photonics, US), acrhomatic lens doublets of 30 mm and 50 mm
focal lengths (Thorlabs, UK) for collimating and focusing the
light, respectively, and a bespoke CMOS SPAD line sensor,
[33]). Light was delivered to the spectrometer with a fibre
patch cable of 50 um core diameter and a NA of 0.22 (M42L01,
Thorlabs, UK). A wavelength range of 474.51 nm - 735.12nm
was covered by 512 pixels of the line sensor (i.e., channels),
with 0.509 nm covered by a single channel. This was confirmed
by detecting the spectrum of a fluorescent lamp with known
emission spectrum. The CMOS SPAD line sensor was used in
time-correlated single photon counting (TCSPC) mode with
a temporal resolution of 50ps, collecting data in 1200 time
bins at each channel [33]. Histograms of photon arrival times
at each channel were built using 1.5 x 10% exposures, each
with a 5 ps exposure time (Fig. 1B). The highest photon count
along a single channel of the histograms (i.e., the channel with

Fig. 2. A) The intensity heatmap of the measured instrument response
function (IRF) across a selected number of wavelength channels and
time bins. B) A specific single channel IRF with the full width half
maximum (FWHM) (arrow) plotted. C) The FWHM of all the individual
IRF measurements across the spectral window.

peak intensity from the solution with strongest fluorescence
emission) was 1311868, which relates to an average photon
detection rate of 175kHz for this channel. Notice that we crop
the time bins (see section III-D). The optical power from the
probe was 175uW, which was measured by a power meter
(PM100D with S130C, Thorlabs, UK).

B. Instrument Response Function

A common method for measuring the IRF is to record the
detector’s response to the excitation laser, e.g., by shining the
laser at the detector directly [34], under the assumption that
the uncertainty of the timing electronics (i.e., jitter) is the
major contributor to the IRF. However, to achieve this, the
optical path involving the fiber optic used (which introduces
a delay) to collect data from a sample is removed. Therefore,
to characterise the IRF in our device, or timing uncertainty,
associated with each channel using the same optical path used
for data collection, quenched rose-bengal with an expected
negligible lifetime of 16 ps was used [35]. The rose-bengal
(ACROS Organic: 632-69-9) was measured at a concentration
of 1M in 6.03M potassium iodide (Sigma-Aldrich: 30315-
100G), at a pH of 9.8 [35]. In the spectral domain the IRF
captures the emission spectra of the rose-bengal while in the
time domain it captures the IRF at each channel. The observed
IRF also includes the dark counts, and the background baseline
is assumed to be constant across the time bins. For each channel,
we first subtract the dark counts and then normalize the IRF by
the total photon count at each channel to remove the influence
of the emission spectrum of the rose-bengal. The IRF observed
in the EP-TRFS device is shown in Fig. 2. We observe that,
first, the measured IRF decay traces are not aligned across the
wavelength channels demonstrating a jitter in arrival times of
photons across channels [33], and second, the full width half
maximum (FWHM), i.e., the width of the impulse response
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TABLE |
ABBREVIATIONS OF SAMPLES USED IN THIS PAPER.
Notation | Fluorophore
RHB-ME Rhodamine B in Methanol
RHB-H20 Rhodamine B in Water
FLuo Fluorescein Sodium in PBS

RHB-ME-FLUO
RHB-H20-FLUO

Rhodamine B in Methanol and Fluorescein mixed
Rhodamine B in Water and Fluorescein mixed

TABLE Il
A SUMMARY OF REPORTED LIFETIME VALUES IN THE LITERATURE.

Fluorophore ‘ Expected Lifetime (ns)

RHB-ME 2.15ns [36], 2.41 ns [37], 2.50ns [38]
RHB-H20 1.35ns [39], 1.52ns [38], 1.74 ns [36]
FLuo 3.60ns [40], 4.00ns [41], 4.11 ns [42]

at half of its intensity, varies across channels for this CMOS
SPAD line sensor.

C. Samples
Two fluorophores, Rhodamine B (Sigma-Aldrich:
102406918) and Fluorescein Sodium (Sigma-Aldrich:

F6377-100G), were analysed in homogeneous and mixed
samples. Rhodamine B was prepared at a concentration
of 10uM in methanol (ACROS Organics: 167 835000)
(RHB-ME) and in (double-distilled) water (RHB-H20),
and Fluorescein Sodium was prepared at a concentration of
1 uM in phosphate-buffered saline (PBS) (FLUO) (Table I).
Additionally mixed samples of Fluorescein Sodium in PBS
at 0.5uM with Rhodamine B at a concentration of 5uM in
methanol (RHB-ME-FLUO) and in water (RHB-H2O-FLUO)
were prepared. Three replicates were taken of all samples
(see supplementary Fig. 10) but we presented the results
from the first replicate only since they agree with each other.
All samples were measured at room temperature, with the
Rhodamine B in a pH of 6 and Fluorescein Sodium in a
pH of 7.4. The expected lifetime of the samples from the
literature is presented in Table II. The samples were analysed
on a Synergy H1 Hybrid plate reader for spectral reference. In
addition, the bias terms of all samples were computed using
MUFLE and we observe them to fall into a similar range and
trend over different measurements (see supplementary Fig. 9).

D. Data Pre-processing

The time span and spectral range over which the fluorescence
emission was observed were cropped in the time domain to
only include a region with the complete rise and fall of the
decay traces. To achieve this the first 710 bins not containing
any fluorescence signal were removed. Thus, the timing axis
was adjusted with time bins starting from 1 at bin 711. Each
time bin was then multiplied with the time-bin resolution
to estimate the timepoint assigned to the bins. The timebin
resolution was measured separately. Additionally, in the spectral
domain, channels with intensities that were less than 20 % of
the maximum intensity were excluded from the analysis to
reduce noise level. A further spectral limitation in the data
restricts the wavelength range to above 520nm as the EP-
TRFS device has a bandpass filter removing the laser line

below this range. For samples that contained Rhodamine
B, the spectral channels between 552.03nm - 628.02 nm
were analysed, decided by the 20 % rule and the bandpass
filter. For samples that contained FLUO alone, the spectral
channels between 519.39 nm - 620.88 nm were analysed. These
wavelength ranges are in good agreement with the expected
fluorescence spectra from the fluorophores [37]. In addition,
the data was normalized by the maximum intensity.

IV. RESULTS

We compare the estimated emission spectra of the three
reference samples, RHB-ME, RHB-H20 and FLUO against
the emission peaks recorded using a plate reader (Table. VIII).
We compare the lifetimes against their expected values in the
literature (Table II) and from other methods (section IV-B).
In addition, we show the un-mixing potential of MUFLE in
separating two fluorophores in RHB-ME-FLUO and RHB-
H20O-FLUO (section IV-C).

A. Accuracy of the estimated emission spectrum

Fig. 3A, B and C show the difference in the single channel
intensity estimates, using the least squares method, to MUFLE,
as well as the spectral emission recorded from a Synergy
H1 Hybrid plate reader for all three individual solutions, i.e.,
RHB-H20, RHB-ME and FLUO, respectively. For single
channel estimates, a large variation can be observed in the
estimated intensities even for neighbouring channels. This
can be attributed to individual channel sensitivities and their
respective SPAD noise levels [33]. MUFLE, on the other hand,
accounts for this fjitter’ and provides a smooth estimate of
the emission spectrum. We also observe that the estimated
emission spectrum using MUFLE follows a similar trend to
the emission spectrum when recorded from a plate reader.
However, their dynamic range and peak positions differ from
each other. Table VIII shows the peak locations from these
measurements, and we observe a mean red shift deviation of
~2-4nm. This may occur due to the difference in readout
characteristic (e.g. resolution, gain differences and differences
in emission readout methodology) of the plate reader and EP-
TRFS, however, the differences are all within an agreeable
range.

B. Accuracy of the estimated fluorescence lifetime values

Fig. 3 D, E and F show the spectral FLs of the three
individual fluorophores estimated using MUFLE, compared
to the expected values from the literature. We observe that
all three FLs fall within their expected range (Table II). FLs
in the literature are not captured across such a broad spectral
range, and therefore, we compared the MUFLE fitted FLs
with the FLs estimated from the individual channels using the
least squares method. We observe that MUFLE estimates agree
with the single channel estimates well and provide a smooth
approximation similar to its FI counterpart. The FLs from
MUFLE were also compared to the RLD and CM methods on
individual (narrow) channels (see supplementary Fig. 11). We
observe that MUFLE exhibits less channel-to-channel variation.
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Fig. 8. Single exponential MUFLE model showing the fluorescence emission and spectral fluorescence lifetime of reference fluorophores. The
intensity plots across a wavelength spectrum of 552.03 nm - 628.02 nm for both RHB-H20 A) and RHB-ME B) and for FLUO C) across a wavelength
spectrum of 519.39 nm - 620.88 nm of MUFLE (orange) are compared to both the single channel fit (grey dots) and the emission of the fluorophore
following its measurement on a plate reader (purple). The spectral fluorescence lifetime of RHB-H20 D), RHB-ME E), and FLUO F) estimated
using MUFLE (orange) are compared to the lifetime results of the individual channels estimated using a least squares method (grey dots). The
fluorescence lifetime values reported in the literature are also shown (green arrows). G), H) and I) show a close up of the fit of RHB-H20, RHB-ME
and FLUO respectively, of the spectral fluorescence lifetime of MUFLE (orange) compared to the lifetime results of the individual channels using the

least squares method (grey dots).

TABLE IlI
LIFETIME COMPARISON OF THE MARGINALISED CHANNEL USING
DIFFERENT LIFETIME METHODS.

RHB-H20 RHB-ME FLUO
RLD 2.12ns 1.70 ns 2.10ns
CM 2.57ns 2.41ns 3.41ns
LS 1.61ns 2.09ns 3.59ns

Finally, we compared the FLs with the (broad) multichannel
estimates. We observe that the MUFLE estimates agree with
the LS fit from marginalized histogram counts well but differ
from the CM and RLD estimates (Table III). This agrees with
our overall observation that LS provides more stable estimates
than alternative fit-free methods.

C. MuFLE un-mixing potential

Fig. 4 shows the estimated FI and FL from mixed sam-
ples RHB-H20O-FLUO and RHB-ME-FLUO, respectively. We

observe that no prevailing feature of either fluorophore was
captured in both cases for MUFLE fitted with single expo-
nential, i.e., L = 1 (Fig. 4 A-D). Un-mixing the fluorophores
using double exponential decay is presented in Fig. 4 E and
F for RHB-H20-FLUO and G and H for RHB-ME-FLUO
where we use a linear spectral FL trend to allow flexibility in
fitting. The two estimated emission spectra and corresponding
spectral FLs resemble the fluorescence characteristics of the
respective homogeneous samples in Fig. 3 well. In addition,
they match the spectral shapes of the individual fluorophores
when measured on the plate reader. The longer FL in both cases
can be attributed to the longer FL of the FLUO compared to the
shorter FLs of Rhodamine B, dominant at longer wavelengths
(Fig. 4 F and H). However, in both cases, the second shortened
lifetime component corresponding to the Rhodamine B signal
does not exactly reflect the lifetimes recorded from these
fluorophores when measured in a homogeneous solution e.g.,
in RHB-ME 2.10ns versus 1.39ns. These values are shorter
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Fig. 4. MUFLE model showing the fluorescence emission and fluorescence lifetime of mixed reference fluorophores, highlighting the applicability of
MUFLE un-mixing two mixed samples. A) and C) show the fluorescence intensity from a single exponential MUFLE model of RHB-H20-FLUO and
RHB-ME-FLUO (orange) compared to the individual channel estimates using the least squares method (grey dots) across a wavelength channel of
519.39 nm - 620.88 nm. B) and D) show the fluorescence lifetime from a single exponential MUFLE model of RHB-H20-FLuUO and RHB-ME-FLUO
(orange) compared to the individual channel estimates using the least squares method (grey dots). E) and G) show the fluorescence intensity from
a double exponential MUFLE model of RHB-H20-FLUO and RHB-ME-FLUO respectively (orange), compared to the emission of the individual
fluorophores following their measurement from a plate reader (purple, with x markers). The dotted lines compare MUFLE’s un-mix of FLUO (orange)
with the plate reader emission measurement (purple with x markers). The dashed lines compare MUFLE’s un-mix of RHB-H20O (E) (orange) and of
RHB-ME (G) (orange) with the plate reader emission measurement (purple with x markers). F) and H) show the fluorescence lifetime from a double
exponential MUFLE model of RHB-H20-FLUO and RHB-ME-FLUO (orange) compared to the individual channel estimates of a double exponential
least squares model (grey dots). The dotted lines show MUFLE lifetime value that best matches both the intensity and lifetime value of FLUO. The

dashed lines show MUFLE lifetime value that best matches both the intensity and lifetime value of RHB-H20 (F) and RHB-ME (H) alone.

than expected, and we anticipate this to be true as the solvents
are also mixed, which would alter the lifetime values (e.g., in
all cases, the Rhodamine B solvent is mixed in Fluorescein
Sodium phosphate buffer saline solvent, possibly altering the
protonation as well as the aqueous nature of the solution)
[40]-[43].

V. DISCUSSION

Multi-channel EP-TRFS devices, such as the one used in
this study, produce high resolution TRES that requires tailored
techniques to fully interrogate the spectral profiles of the
underlying fluorophores. We present MUFLE, a novel method
that utilises the entire TRES histogram collected from these
devices, simultaneously analysing the FIs and FLs of individual
fluorophores in a sample over all wavelength channels. This
is different from standard approaches that estimate either
the wavelength dimension (emission spectrum) or the time
dimension (exponential decay trace) exclusively.

We show that MUFLE is able to estimate the underlying FIs
and FLs and increases the total precision of both the intensity
spectrum and lifetime across the wavelength, decreasing the
intra-channel variation. Using Rhodamine B and Fluorescein
Sodium as reference samples, we show that MUFLE captures
the underlying emission spectrum and lifetimes reliably, where
the emission spectrum resembles the emission spectrum col-

lected using a plate reader and the lifetime value is in the range
of values reported in the literature.

To accurately characterise fluorescence from complex hetero-
geneous samples, for example tissue fluorescence, devices that
allow a full spectral and temporal interrogation of the fluores-
cence profile are preferred. These, in turn, require novel devices
and methods that fully capture this information. Through the
use of EP-TRFS and MUFLE, both the emission spectrum
and the spectral fluorescence lifetime becomes accessible, thus
moving away from individual channel assessment and into a
greater understanding of the fluorescence components of the
heterogeneous samples. Using two mixed solutions, we show
that MUFLE can reliably un-mix two fluorophores to provide
their individual fluoreschence lifetimes and intensities.

While MUFLE shows promise, the method can be improved
in several ways. One of the directions is to include the
photon sensitivities of the individual spectral detectors in the
computational model. The variation of photon sensitivities
leads to intensity variation in the consecutive channels in the
observed spectrum, and that in turn, leads to model mismatch
since MUFLE assumes the estimated emission spectrum to be
smooth. We believe that this modification will further improve
the performance of MUFLE in un-mixing fluorophores in
a heterogeneous sample. The other direction is to improve
the convergence and speed of the optimization when un-
mixing multiple fluorophores for noisy measurements and
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in presence of device artifacts. We also show that the true
environment of individual fluorophores in a mixed solution can
be difficult to assess and therefore further experimentation is
needed to establish adequate individual ground-truth lifetime
values of fluorophores in a mixed sample, and to ascertain the
performance of MUFLE in un-mixing.

In summary, as MUFLE utilises information within the
spectrum, the accuracy of fluorescence lifetime estimates at
each channel are increased, and as MUFLE simultaneously
estimates the spectral and temporal components of the flu-
orescent sample individual fluorophores can be identified
with greater confidence, increasing the potential to investigate
more fluorophores. This is particularly relevant for in vivo
applications since intrinsic tissue fluorescence is expected to
be highly complex with several overlapping fluorophores [3].
The emission of many endogenous fluorophores have been well
characterised (i.e. FAD, riboflavin etc), and this can facilitate
unmixing [5].
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Supplementary Information

TABLE IV
THE TABLE DESCRIBES NOTATIONS USED IN THIS PAPER.

Notation | Meaning
L Number of fluorophore components
M Number of histogram time bins
Number of histogram wavelength channels
tm Right edge of the m-th time bin
T Time bin resolution
l Index for fluorophore components € {1,..., L}
m Index for histogram time bins € {1,..., M}
P Index for histogram wavelength channels € {1,..., P}
Y Unnormalized intensity for [-th component
! Fluorescence Lifetime of exponential decay for I-th component

Fig. 5. Examples of the B-splines basis functions labeled B with equidistant internal knots (blue dots) at 0.333 and 0.666 and an order of 4.



AUTHOR et al.: PREPARATION OF PAPERS FOR IEEE TRANSACTIONS AND JOURNALS (FEBRUARY 2017)

11

9*J

8(1‘;/1‘// aa?:l/

0%J

9af, i 0aj,

02J

daj,,,0a},,,

aJ

oaj,,,0a]

oJ

0aj,;1 00,

abpob[p"]

0J

abp1ob[p"]

02J

day,, Ob[p’] -

I
o

VI. SECOND ORDER DERIVATIVES

vip, m, "1 B [plv[p, m, '] B [p]

N [] - oy ,
m U [p]zBi” plvlp, m,U'|B)[p] 1+#1

m Y [p) T " 'y -
1B 1531 237 5 ol

T [p]? ==

M
S5 sloom 1 el m ) 20 ) 10

7 [p)? 7 [p]?

=233 [olp.mllp,m, ) 2L ol miclp,m. 17

N oly'.m] + 2exp(bfp']) exp(blp'])) ' ="

vp,m, 1} = exp(=m/np]) * (h[p])[m]
slp,m, 1] = (mexp(—=m/7[pl)) * (h[p])[m ]

olp,m, 1] = (m? exp(—m/7[p])) * (h[p])[m

2B7.[p]

7 [p]?

nl

l//] [p}Q p

Yo [p] B7, [p]

] 1=V

l// — l/

(16)

(17

(18)

19)

(20)

21

(22)

(23)

24)

(25)
(26)
27



12 GENERIC COLORIZED JOURNAL, VOL. XX, NO. XX, XXXX 2017

TABLE V
THE CROSS VALIDATION RESULTS FOR DIFFERING NUMBER OF INTERNAL KNOTS.

Intensity Parameter  Lifetime Parameter

Internal Knot Internal Knot Cost Function

Fluorophore

RHB-H20 2.39
2.45
2.66
2.39
2.45
2.56
2.39
242
2.53

2.54
2.55
2.59
2.54
2.55
2.57
2.54
2.55
2.57

3.81
3.83
3.87
3.81
3.83
3.84
3.81
3.82
3.83

—_0 W =N W= N W
WLWWRNN—— =

RHB-ME

—_— W =N W= N W

FLuo

WWWRNRN == LWWN NN - ——

—_ DW= N W= N W

TABLE VI
THE CROSS VALIDATION RESULTS FOR DIFFERING NUMBER OF INTERNAL KNOTS, OF A SINGLE EXPONENTIAL MODEL OF THE MIXED SOLUTIONS.

Intensity Parameter  Lifetime Parameter

Internal Knot Internal Knot Cost Function

Fluorophore

RHB-H20-FLUO 2.54
2.52
2.74
251
2.55
2.67
2.51
2.55
2.67

242
243
2.52
242
243
2.48
242
242
2.48

—_ N W= N W= N W
W WL ===

RHB-ME-FLUO

—_N0 W =N W= N W
WL WM — = =

TABLE VII
THE CROSS VALIDATION RESULTS FOR DIFFERING NUMBER OF INTERNAL KNOTS, OF A DOUBLE EXPONENTIAL MODEL OF THE MIXED SOLUTIONS.

Intensity Parameter

Fluorophore Internal Knot Cost Function
RHB-H20-FLUO 3 3.37
2 3.38
RHB-ME-FLUO 3 3.37
2 3.39
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Fig. 6. Hold-out cross validation results of a single exponential MUFLE model on the individual fluorophores, varying different internal knots over
a grid. A), C) and E) show the fluorescence intensity plots of RHB-H20, RHB-ME and FLUO respectively of MUFLE (orange) compared to the
normalised observed intensity (grey lines). A and C show the results across a wavelength spectrum of 552.03 nm-620.88 nm and E shows results
across a wavelength spectrum of 519.39 nm-620.88 nm. The dark orange MUFLE show the fluorescence intensity from different internal knot values,
and the dotted orange MUFLE shows the fluorescence intensity from the knot values which returned the lowest cost function. B), D) and F) show
the lifetime plots of RHB-H20, RHB-ME and FLUO respectively of MUFLE (orange) compared to the fluorescence lifetime results of the individual
channels estimated using a least squares method (grey dots). B and D show the results across a wavelength spectrum of 552.03 nm-620.88 nm and
F shows results across a wavelength spectrum of 519.39 nm-620.88 nm. The dark orange MUFLE show the fluorescence lifetime from different
internal knot values, and the dotted orange MUFLE shows the fluorescence lifetime from the knot values which returned the lowest cost function.

Fig. 7. Hold-out cross validation results of a single exponential MUFLE model on samples that contain a mixture of two fluorophores, varying
different internal knots over a grid. A) and C) show the fluorescence intensity plots of RHB-H20-FLUO and RHB-ME-FLUO respectively of MUFLE
(orange) compared to the normalised observed intensity (grey lines) across a wavelength spectrum of 552.03 nm-620.88 nm. The dark orange
MUFLE show the fluorescence intensity from different internal knot values, and the dotted orange MUFLE shows the fluorescence intensity from
the knot values which returned the lowest cost function. B) and D) show the lifetime plots of RHB-H20O-FLUO and RHB-ME-FLUO respectively of
MUFLE (orange) compared to the fluorescence lifetime results of the individual channels estimated using a least squares method (grey dots), across
a wavelength spectrum of 552.03 nm-620.88 nm. The dark orange MUFLE show the fluorescence lifetime from different internal knot values, and the
dotted orange MUFLE shows the fluorescence lifetime from the knot values which returned the lowest cost function.
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Fig. 8. Hold-out cross validation results of a double exponential MUFLE model on samples that contain a mixture of two fluorophores, varying
different internal knots over a grid. A) and C) show the fluorescence intensity plots of RHB-H20-FLUO and RHB-ME-FLUO respectively of MUFLE
(orange) compared to the normalised observed intensity (grey lines) across a wavelength spectrum of 552.03 nm-620.88 nm. The dark orange
MUFLE show the fluorescence intensity from different internal knot values, and the dotted orange MUFLE shows the fluorescence intensity from the
knot values which returned the lowest cost function. B) and D) show the lifetime plots of RHB-H20-FLu0 and RHB-ME-FLUO respectively of MUFLE
(orange) compared to the fluorescence lifetime results of the individual channels estimated using a double exponential least squares method (grey
dots), across a wavelength spectrum of 552.03 nm-620.88 nm. The dark orange MUFLE show the fluorescence lifetime from different internal knot
values, and the dotted orange MUFLE shows the fluorescence lifetime from the knot values which returned the lowest cost function.

TABLE VIII
COMPARISON BETWEEN THE PEAK LOCATION FROM FLUOROPHORES MEASURED ON BOTH THE EP-TRFS AND A PLATE READER.

RHB-H20 RHB-ME FLuo

Plate Reader  578.00 nm 574.00nm  515.00 nm
MuFLE 581.10nm 576.00nm  519.39 nm

Fig. 9. The estimated bias parameters for individual channels from RHB-H20 A), RHB-ME B), FLUO C), and from mixed samples of RHB-H20O-FLUO
D) and RHB-ME-FLUO E) respectively.
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Fig. 10.  Single exponential MUFLE model shows the fluorescence emission and spectral fluorescence lifetime of repeated measurements taken of
the reference fluorophores. The fluorescence intensity plots across a wavelength spectrum of 552.03 nm - 628.02 nm for both RHB-H20 repeats 1
and 2, A) and C), and repeats 1 and 2 of RHB-ME, E) and G, of MUFLE (orange) are compared to both the single channel fit (grey dots) and the
fluorescence emission of the fluorophore following its measurement on a plate reader (purple). The fluorescence intensity plots across a wavelength
spectrum of 519.39 nm - 620.88 nm for repeats 1 and 2 of FLUO, I) and K), of MUFLE (orange) are compared to both the single channel fit (grey
dots) and the emission of the fluorophore following its measurement on a plate reader (purple). The spectral fluorescence lifetime of RHB-H20 ,
repeats 1 and 2, B) and D), and RHB-ME, repeats 1 and 2, F) and H), and repeats 1 and 2 FLUO J) and L) estimated using MUFLE are compared to
fluorescence lifetime results of the individual channels estimated using a least squares method (grey dots). The fluorescence lifetime values reported
in the literature are also shown (green arrows).

Fig. 11. A comparison of the fluorescence lifetime values estimated using different computational models. The single channel, fit-free lifetime results
of the Centre of Mass Time (blue triangle), Rapid Lifetime Determination (green squares) are compared to the Least Squares fit (grey dots) and
MUFLE (orange) of RHB-H20 A) and RHB-ME B) and FLUO C) are shown.
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3.2 Limitations

Although demonstrating its ability to capture the total spectral and temporal emission profiles
of individual fluorophores, and of fluorophores from a mixed system, a major limitation of
MuFLE is that it does not incorporate different channel spectral sensitivity observed across
the emission spectrum (as mentioned in section 2). The spectral profile of MuFLE includes
the average spectral sensitivity from the observed signal originating from detector artefacts.
A failure to capture spectral sensitivity, particularly when multiple components of MuFLE are
estimated (i.e., > 3) may also pose a bottleneck in accurately estimating these fluorophores as
the spectral range, in its current setup, contains both the spectral sensitivity and the spectral
profiles from the underlying fluorophores. A simple solution to incorporating the spectral sens-
itivity in MuFLE is to increase the dimensions of the model to estimate multiple histograms
simultaneously. Therefore, the fluorescence of different samples can be identified from fea-
tures which change, and the spectral sensitivity can be delineated from the features which do
not change, simultaneously. However, this is something we save for future work. Furthermore,
the clinical translation of MuFLE, when used with the EP-TRFS device is currently limited
by its computational efficiency. An adaption of the model to a more computationally efficient
system, such as a neural network, may address this.

3.3 Conclusion

In conclusion, we present, to the best of our knowledge, a novel model capable of sim-
ultaneously estimating the emission spectrum and SFL of underlying fluorophores in both
single and mixed systems. Our study demonstrates that MUFLE accurately estimates the
average emission and average FL of exogenous fluorophores, which are well-characterised
in the literature. Furthermore, we illustrate MuFLE’s proficiency in accurately un-mixing two
fluorophores in both the spectral and temporal domains when measured in a mixed system.



Chapter 4

Lung Cancer Discrimination using
Spectral Fluorescence Lifetime

One of the key advantages of MuFLE, particularly when employed in a single exponential
mode, lies in its capability to discern variations in both the total spectral FI and spectral FL
(SFL) of a sample across a broad wavelength range and with high wavelength bandwidth
resolution. The single exponential MuFLE model assumes no underlying features within the
data, such as the precise location of emission peaks of fluorophores or the number of com-
ponents fluorescing in a sample. Furthermore, the high resolution feature of the EP-TRFS
device allows nuances in the photo-physical properties of the underlying fluorophores to be
captured within the MuFLE model.

The following chapter explores additional features observed in the SFL of simulated data,
endogenous fluorophores mixed benchside, and paired normal and abnormal LC samples.
The analysis is published in Biomedical Optics Express titled "Fibre-optic based Exploration of
Lung Cancer Autofluorescence using Spectral Fluorescence Lifetime". Following the present-
ation of the paper, additional tissue analysis is conducted on both the tissue presented in
the paper and additional tissue samples collected. This chapter illustrates how the relative
concentration of endogenous fluorophores effects the magnitude and shape of the SFL,
offering a more in-depth insight into tissue AF compared to the assessment of a single FL
value of marginalised histograms

73
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Fibre-optic based Exploration of Lung Cancer
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Abstract: Fibre-optic based time-resolved fluorescence spectroscopy (TRFS) is an advanced
spectroscopy technique which generates sample-specific spectral-temporal signature, charac-
terising variations in fluorescence in real-time. As such, it can be used to interrogate tissue
autofluorescence. Recent advancements in TRFS technology, including the development of
devices which simultaneously measure high-resolution spectral and temporal fluorescence, paired
with novel analysis methods extracting information from these multidimensional measurements
effectively, provide additional insight into the underlying autofluorescence features of a sample.
This study demonstrates, using both simulated data and endogenous fluorophores measured
bench-side, that the shape of the spectral fluorescence lifetime, or fluorescence lifetimes esti-
mated over high-resolution spectral channels across a broad range, is influenced by the relative
abundance of underlying fluorophores in mixed systems and their respective environment. This
study, furthermore, explores the properties of the spectral fluorescence lifetime in paired lung
tissue deemed either abnormal or normal by pathologists. We observe that, on average, the shape
of the spectral fluorescence lifetime at multiple locations sampled on 14 abnormal lung tissue,
compared to multiple locations sampled on the respective paired normal lung tissue, shows more
variability; and, while not statistically significant, the average spectral fluorescence lifetime in
abnormal tissue is consistently lower over every wavelength than the normal tissue.

1. Introduction

Lung cancer, the leading cause of cancer-related deaths worldwide [1], has a diagnostic deficit.
Only 16.6 % of patients are diagnosed with the disease at an early stage with an anticipated 5-year
survival rate of 80 % [2]. This drops to 10 % for diagnoses made at an advanced stage. Thus,
we need new diagnostic strategies that enable early and accurate diagnoses. The development
of non-surgical radiation-free diagnostic alternatives, such as Fluorescence Lifetime Imaging
Microscopy (FLIM) and Time-Resolved Fluorescence Spectroscopy (TRFS) have been shown to
discriminate diseased tissue and, additionally, can be available bed-side [3—5]. When used in a
label-free setting, these devices produce a detailed molecular profile of tissue autofluorescence
(AF), potentially facilitating a more informed and rapid diagnosis [3, 6].

AF describes the fluorescence of naturally occurring molecules, i.e., endogenous fluorophores
[7]. Endogenous fluorophores, due to their intrinsic molecular structures, have distinct absorption
and emission profiles when measured across a suitable wavelength range [8, Fig. 1] [9, Fig. 2].
In addition to the spectral emission, the average time the fluorophore spends in an excited state,
known as the fluorescence lifetime, can be measured. This value is fluorophore specific and
sensitive to the environment [7]. Therefore, in a given physico-chemical environment (i.e., with
a set temperature, pH, viscosity, media dielectric constant, free or enzyme-bound), a single



g & & & 3

8 8 8 9 8§ & 2 8 R 2

2

3

Sfluorophore will exhibit a specific fluorescence lifetime and emission profile [10].

Interpreting AF in lung tissue presents challenges arising from the overlapping excitation
and emission profiles, similarities in lifetimes, and the unknown environments of endogenous
fluorophores [10]. Depending on the optical setup, various devices measure the emission
spectrum at distinct wavelength locations, also referred to as channels [11]. Each channel has
a bandwidth (with smaller bandwidths implying higher resolution) within which photons are
accumulated, collectively covering a specific wavelength range. Therefore, both the range and
bandwidth dictate which fluorophores the device can measure, and, in the context of tissue
delineation, this variability can lead to different conclusions (see Table. 1 and supplementary
Table. S2). In addition, the systems previously employed for measuring AF collected fluorescence
in a limited number of parallel spectral channels. For example, the ms-TRFS device [12],
utilised in detecting oral and oropharyngeal cancer [13], assessed fluorescence across 4 spectral
channels with resolutions ranging from 14 nm to 26.5 nm. In these setups, the underlying signal is
essentially marginalised into distinct, low-resolution spectral bins, thereby limiting the detection
of subtle yet potentially significant changes in the tissue being explored. Moreover, lung cancer
is often characterised by structural deregulation [14], and consequently, alterations may manifest
not only in the physical-chemical changes of lung AF but also in the relative abundance of distinct
endogenous fluorophores. This insight could provide additional information about the variations
in lifetime between normal and abnormal lung tissue.

Table 1. Reported lifetime changes in different cancer and normal samples.

Cancertype  Excitation wavelength Emission channel Lifetime change Reference
Lung 485nm 557.13nm-638.22 nm No significant difference This paper
Lung 405 nm 5100m-550nm & 600 nm-640 nm No significant difference [15]
Lung 405 nm 430nm Decrease (by 0.55 ns) [16]
Lung 488 nm 498 nm-570nm Decrease (by 0.320s) [17]
Breast 780 nm & 890 nm 350 nm-720nm, 16 channels, 10nm wide Increase (by 0.229 ns) [18]
Breast 415nm No mention Decrease (by 0.119ns) [19]
Cervical 405 nm 430nm Increase (by 1ns) [20]
Thyroid 298 nm-300 nm 340nm & 450 nm Tncrease (340nm) [21]
No significant difference (450 nm)
Colon 355nm 375nm Increase (by 0.6 ns) [22]
Gastrointestinal 355 nm 375nm Increase (by 0.44 ns) [22]
Skin 435nm 390 nm-600nm, 16 channels Decrease (by 0.620+0.340 ns) [23]

Development in TRES technology has allowed for alternative devices which assess multichannel
AF profiles across a large wavelength range and at a higher resolution (i.e., smaller bandwidth for
individual channels) [11,24,25]. This allows for the interrogation of both the emission spectrum
and spectral fluorescence lifetime (SFL), i.e., the variation of average fluorescence lifetimes in
consecutive channels over a broad range. As discussed in [26] and [27, Chapter 3.2.1], given a
single fluorophore, we expect SFL to be constant over wavelengths, but in the context of tissue,
where multiple fluorophores are excited simultaneously, we expect SFL to vary, depending on
the respective emission spectra of the underlying fluorophores and their relative prevalence in
the sample (see section 3.1). The relative abundance of underlying fluorophores can also be
estimated through fitting multiple exponentials [18] and spectral-temporal un-mixing. This
approach, however, requires assuming that the number of underlying fluorophores are known
a priori, and we consider SFL to be a proxy for this information. SFL may, therefore, provide
additional discriminating information between a diseased and normal tissue sample, than when
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comparing the fluorescence over a single channel [28,29].

Previously, we reported on the extensively-parallel (EP-TRFS) device providing a high
resolution fluorescence profile of a sample over hundreds of channels [26]. When used in
time-correlated single-photon counting (TCSPC) mode, this device constructs a high-resolution
histogram of fluorescence concurrently in the temporal and spectral domains. This device excites
tissue at 485 nm. Notably, an excitation at 488 nm has been shown to differentiate lung cancer
from normal tissue in vivo using an optical endomicroscopy (OEM) setup [30-32]. However,
while OEM measures spatial fluorescence without a temporal assessment (thus restricting the
fluorescence analysis to emission spectra), our approach evaluates lung AF through high-resolution
spectral-temporal profiles.

In addition, a computational tool designed to interrogate the acquired high-resolution his-
tograms, named Multichannel Fluorescence Lifetime Estimation or MuFLE, was suggested
to provide detailed insights into fluorescence characteristics over multiple channels [26]. A
FLIM setup with an excitation of 475 nm has also exhibited lung cancer discrimination using
high-resolution spectral-temporal profiles, however, these lung profiles were assessed without
a multi-channel analysis tool [24,33]. Therefore, using these recent developments, we assess
the characteristics and applicability of SFL modeled from MuFLE in tissue delineation. Our
assumption is that the relative abundances of endogenous fluorophores change in abnormal tissue
compared to normal, due to the deregulation of tissue structure in neoplastic samples, thus,
changing both the magnitude and shape of SFL, something which low resolution channel devices
and conventional analysis tools are unable to capture.

Our overarching goal is to explore the utility of SFL, compared to alternative methods, i.e.,
Aggregated Fluorescence Lifetime (AFL) estimating fluorescence over marginalised histograms,
in investigating mixed systems with multiple underlying fluorophores. Particularly in paired
normal and abnormal lung tissue, e.g., in the context of delineating them. The contribution of
the paper are as follows: first, we observe that the shape of the SFL is influenced by the relative
abundance of underlying fluorophores when assessed in a mixed system. We show this to be true
both when altering the relative abundance of simulated fluorophores and endogenous reference
fluorophores while the physical-chemical environment (i.e., pH, temperature and viscosity of the
solvent) remain unchanged, and despite their emission spectra remaining similar (see section. 3.1
and section. 3.2). Second, we show the shape of SFL, on average, shows more variability
in abnormal tissue compared to normal tissue suggesting a more unpredictable alteration of
fluorescence changes in suspected cancer tissue (see section. 3.3). However, we observe that
there is considerable inter- and intra-sample heterogeneity between and within SFL of both
normal and abnormal tissue in both magnitude and shape (see section. 3.3) limiting statistical
significance where n = 14 paired samples are investigated (i.e., 28 tissue sections from lobe
resections or 90 spectral histograms in total). Third, we observe that although the AFL and SFL
perform similarly in delineating lung tissue, the latter provides additional information that is
not preserved when aggregating the fluorescence decays across all channels. To the best of our
knowledge, this study is the first to explore the characteristics and utility of SFL in simulated
data, bench-side fluorophores, and lung tissue.

2. Data and Methods
2.1. EP-TRFS Device

The EP-TRFS device is a fibre based setup which was used in time-correlated single photon
counting (TCSPC) mode. In addition, the device was comprised of a pulsed laser (laser diode
head (LDH-P-C-485, PicoQuant, Germany) and laser driver (PDL 800-D, PicoQuant, Germany)
used at a repetition rate of 20 MHz with a complementary metal oxide semi-conductor (CMOS)
single photon avalanche diode (SPAD) line sensor, as detailed in [26] (see Fig. 1 A). This allows
high resolution histograms of photon arrival times measured at all channels in parallel using
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1.5 x 10° exposures, each with a 5 s exposure time and an optical laser output power of 175 pW.
Furthermore, we excite the sample such that we remain within the accepted photon detection
rate of between 1 and 5 % of laser pulses so as to mitigate pile-up risk [34]. Fluorescence
spectroscopy measurements in both the temporal and spectral domain, across a broad spectral
region between 474 nm-720 nm may be collected. The samples were excited at 485 nm, at this
wavelength, as aforementioned, OEM devices have shown through exciting elastin, discrimination
between normal and cancerous lungs are visible [30]. Due to the unique fibre-based setup, and
spectral-temporal profile of the device, the instrument response function was measured using a
quenched form of rose-bengal [35] (see section 4 for more details). Due to the narrower emission
profile of rose-bengal, and the emission peaks of the endogenous fluorophores estimated to be
excited by a laser of 485 nm, the total fluorescence spectral window the data was analysed in was
between 557.13 nm-638.22 nm which consisted 160 individual spectral channels at a wavelength
resolution of 0.5 nm.

2.2. Reference fluorophores

Three reference endogenous fluorophores: Flavin Adenine Dinucleotide (Sigma-Aldrich: F8384-
100MG), Riboflavin (Sigma-Aldrich: R9504-25G) and Elastin (Sigma-Aldrich: E4527-1G)
were measured on the EP-TRFS device. To standardise the environment of the fluorophores,
the fluorophores were dissolved in 44H>O made up by the addition of buffer to a pH of 7. The
fluorophores were collected at room temperature. Elastin was measured at a concentration of
500 uM, FAD was measured at a concentration of 100 uM and riboflavin was measured at a
concentration of 100 pM. To assess the fluorescence profile of mixed endogenous fluorophores in
the same environment, 3 samples, referred to as mix 1, mix 2 and mix 3, containing the endogenous
fluorophores at varying concentrations, at a pH of 7 were measured (see supplementary material
Table. S1). To compare changes of SFL in different mixes, to that of different environments,
mix 2 was made up in 2 more pHs, referred to as Mix 2a and Mix 2B. Mix 2a at a pH of 4
with the addition of 1 M hydrochloric acid, and Mix 2B at a pH of 9 following the addition of
sodium hydroxide. To validate the intensity profiles and excitation wavelengths of all samples,
the emission (see section. 3.2) was measured using the bottom read out of a plate reader (biotek,
cytation 3 imaging reader).

2.3.  Exvivo lung tissue fragments

Tissue data from ex vivo lobectomy specimens, ranging from 50 mm-3 cm in diameter were
taken. Samples were obtained from patients undergoing lobe resections between January 2022
to January 2023, for suspected lung cancer (NHS Lothian BioResource, Scotland Research
Ethics Service, reference 15/ES/0094). 14 lung samples, paired clinically as non-cancerous and
cancerous, which we denote in the paper as normal and abnormal. Samples have been assessed
and defined by type, stage and age (see Table. 2). The pathological profile of the tissue samples
vary. Depending on the size of the tissue sample, 3-6 locations per sample were assessed using
our device, with a point sampling approach (fibre core diameter of 32 pm). At each location 3
repeated spectroscopy measurements were taken, with the same device setup as detailed in [26].
Data was collected using a 3 axis Cartesian robot [36] (see Fig. 1 B and C) to allow repeated
measurements in the same X, Y and Z plane to be collected. The 3 repeated histograms were
summed together before further assessment (see Fig. 1 D) to improve signal-to-noise ratio.
Moreover, summed histograms with a peak intensity of below 300 were excluded from the
analysis due to poor signal-to-noise.

2.4. Analysis
The data from the EP-TRFS device was analysed using two different approaches.
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Fig. 1. Illustration of the tissue data collection set up used in this study. A) The
extensively parallel time-resolved fluorescence spectroscopy system used to collect high
resolution spectral-temporal data across 512 wavelength channels across a wavelength
range of 474.51 nm-735.12 nm with a resolution of 0.5 nm. The device has a pulsed
laser with an excitation of 485 nm, coupling and collection optics, a spectrometer
and a complementary metal-oxide semiconductor (CMOS) single photon avalanche
diode (SPAD) line sensor. B) Cartesian robot is used to collect repeatable, accurate
tissue data. The sensing fibre is mounted into the robot and moved across an X, Y
and Z axis with 0.5 mm precision. C) Paired normal and abnormal, as decided by
histopathology following lobe resection, samples were measured on the device. These
samples were mounted on a collection board and pinned to prevent movement during
the data collection process. D) An example of a preprocessed histogram of tissue
data collected from the device. The device collects fluorescence data in the form of a
histogram of fluorescence intensity over time and wavelength. E) An example of the
different fluorescence profiles between a normal (blue) and abnormal (green) paired
sample. Fluorescence intensity across the wavelength and the SFL of the samples were
estimated using Multichannel Fluorescence Lifetime Estimation [26].

2.4.1. Aggregated Fluorescence Lifetime

To compare signal measured in the EP-TRFS device with signal from systems measuring
autofluorescence in the more traditional low resolution channel method, the 160 channels
histogram was aggregated into two distinct channels of 40 nm each (see supplementary material
sec. 1.B and supplementary Fig. S1), and single lifetime, referred to as AFL, was estimated using
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Table 2. Sample information of the ex vivo lung tissue used in this study.

Sample label Cancer type Stage  Age  Sex
1 Adenocarcinoma 1B 63 F
2 Adenocarcinoma 1B 63 M
3 Adenocarcinoma 2B 73 F
4 Adenocarcinoma 1A 74 F
5 Adenocarcinoma 2A 71 M
6 Adenocarcinoma 3A 86 M
7 Adenocarcinoma n/a 83 F
8 Squamous cell 3A 77 M
9 Squamous cell 3A 66 M
10 Squamous cell 3A 67 M
11 Squamous cell 3A F
12 Squamous cell 2B 77 F
13 Large cell neuroendocrine 3A 81 M
14 Malignant melanoma n/a 83 M

least squared fitting. The single exponential fluorescence decay is modelled as follows:
s[m] = (f = h)[m] + b and f[m] =y exp(~tm /7). (D

where y and 7 are the average intensity and fluorescence lifetime, b is the bias due to the dark
counts of the detector and the fibre background, i[m] is the IRF at the channel, and * denotes
convolution. Given y[m] as the observed signal at the m-th bin, y and 7 can be estimated by
minimising the loss function

M
Ji= ) (vIm] = s[m))? )
m=1

assuming h[m] is known.

2.4.2. Spectral Fluorescence Lifetime

In the second approach, each channel is analysed either separately with least squares fitting or
simultaneously with MuFLE. Given multiple channels, MuFLE, simultaneously estimates the
fluorescence intensity and lifetimes over these channels [26]. Here, the fluorescence decay is
modelled as

s[p,m] = (fp]* h[p])[m] +b[p] and
flp.m] =y[m]exp(~ty/7[m]) 3)

where y[p] and 7[ p] are spectral intensity and lifetime over channels, and 4 [p][m] is the IRF at
the p-th channel. In MuFLE, both y[p] and 7[p] are modelled using B-splines basis functions
(B;) as described in [26]. We find the optimal coefficients (a;) for the emission spectrum and SFL

given y(w) = 221 aini(a)) and 7(w) = Zf;l a’ B;(w). Following [26], we use cubic splines

i
with 3 equidistant internal knots to generate the spline basis functions. Given y[p,m] as the
observed signal at the m-th bin and p-th channel, the spline coefficients can be estimated by
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minimising the loss function
P M
b= > (vlp,m] = slp,m))? @)

assuming [ p, m] is known.

2.4.3. Simulated data

Simulated data was generated to validate the hypothesis that SFL is sensitive to variation in the
relative prevalence of fluorophores, even if the emission intensities are very similar to each other,
i.e., without distinct peaks. A similar situation arises in the EP-TRFS system and lung tissue
since the selected emission wavelength range only captures the tail end of emission spectra of
the fluorophores of interest (see Fig. 2). Three hypothetical fluorophores were simulated using
the model described in equation. (3) with different intensity and lifetimes. Exponential and
hyperbolic functions were used to model the emission intensities, i.e., y[p], of the individual
fluorophores. These functions were chosen to replicate the tail of the emission profile of real
fluorophores excited at 485 nm. Across the wavelength range, the lifetime was simulated to be
fixed for each fluorophore, i.e., 7[m] = 7.

Fig. 2. Spectral fluorescence profiles of 3 reference endogenous fluorophores: FAD
(A and D), Riboflavin (B and E) and Elastin (C and F). (A), (B) and (C) show the
fluorescence emission of the fluorophores measured on the EP-TRFS device modeled
using MuFLE (blue) compared to the fluorescence emission measured on a plate
reader (green dashed). (D), (E) and (F) show the spectral fluorescence lifetime of
the fluorophores measured on the EP-TRFS device modeled using MuFLE (blue),
compared to the single channel lifetime estimation (grey dots) modeled using the least
squares method assessing the individual channels alone, and the values reported in the
literature (pink triangles). The measurements were collected in a wavelength window
between 557.13 nm-628.02 nm
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The temporal resolution was set to 0.05 ns to match the real data and a total of M = 490 time
bins were simulated. The number of channels was set to P = 160 to match the real data. To
simulate mixed samples, the histograms of the individual fluorophores were summed together and
convolved with a simulated IRF. The simulated IRF was assumed to be exponential with a lifetime
of 0.378 ns, matching the average lifetime of the IRF when fitted with a single exponential decay,
recorded in the EP-TRFS device. The intensity at each channel and bin were perturbed using a
Poisson noise.

3. Results
3.1.  Simulation

It is expected that both the shape and magnitude of the SFL profile is influenced by the relative
concentration of the underlying fluorophores with different but constant lifetimes. In the
simplest model, we can consider a multi-exponential decay (y) of two fluorophores, in the same
environment, a and b as

y(w,1) =va(w) exp(=1/74) + yp(w) exp(~t/1p) ®)

where w represents the wavelength, ¢ represents time, and 7 represents lifetime. As the intensities,
reflecting the individual emission spectrum of the individual fluorophores, change across the
wavelengths, the average lifetime, when approximated by a single exponential will also vary over
the wavelengths. When y,(w) < yp(w), the average lifetime will be closer to 7, and when
va(w) > vp(w), the average lifetime will be closer to 7,.

Fig. 3. The relative intensity (coloured), individual intensity (grey) and estimated
single exponential lifetime MuFLE results from simulated histograms. A), B) and
C) represent the underlying relative intensity and emission spectra of 3 individual
fluorophores which make up the final observed histograms in the simulated data. D)
represents the single exponential estimated spectral fluorescence lifetime using the
MuFLE model of the 3 different simulated histograms.
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The 3 individual simulated fluorophores had similar spectral intensity profiles to that of
the endogenous fluorophores used, i.e., they drop monotonically at longer wavelengths (see
section 2.4.3). In addition, they also had similar fixed lifetime values to that of the endogenous
fluorophores. We observe that the shape of SFL reflects the relative abundance of fluorophores.
For example, a dip is observed in the SFL in histogram 3 just before 580 nm (see Fig. 3 D), this
aligns with the wavelength range where the fluorophore corresponding to the highest lifetime is
declining (see Fig. 3 C), in addition, it aligns with the wavelength range where the fluorophore
with the lifetime of 2 ns has started to decline, and the fluorophore with a lifetime of 0.8 ns
has started to rise (see Fig. 3 C). In both simulated histograms 1 and 2, a similar trend in the
SFL shape is also observed that reflects the relative abundance of the fluorophores (see Fig. 3).
In particular, the peaks seen in both SFL lifetime ranges between 560 nm-580 nm, reflect the
decline in relative abundance of the fluorophore with a lifetime of 0.8 ns and increase in relative
abundance of both fluorophores with a lifetime of 5ns and 2 ns.

3.2.  Endogenous fluorophores

We replicate the same experiment in the simulated data using three endogenous fluorophores
bench-side. We select three endogenous fluorophores known to be excited at 485 nm in lung tissue,
and are therefore also likely to be present in the tissue samples. We first validated the absorption
(to confirm the excitation at 485 nm) and emission spectra of 3 endogenous fluorophores (see
Fig. 2). The emission profiles from a plate reader were in agreement with the single exponential
MuFLE intensity results of the individual fluorophores (see Fig. 2 A, B, C). The magnitude of
SFL estimated using MuFLE was also in agreement with the ground truth values reported in the
literature while the shape remained broadly constant [37,38] (see Fig. 2 D, E, F).

Following the validation, the mix of these fluorophores were analysed (see section 2.2 and
supplementary material Table. S1). In all cases, similar intensity profiles of the samples were
observed (see Fig. 4 ii-iv). When the environment of the sample was altered, a significant increase
in the absolute lifetime value (average of 3.38 ns+0.18) of Mix 2B (Mix 2 made up to a pH of 9
as mentioned in section. 2.2) was observed, compared to when measured in Mix 2 or Mix 2a
(Mix 2 made up to a pH of 4 as mentioned in section. 2.2) (with an average lifetime value of
2.99ns+0.15 and 2.95 ns+0.15 respectively) (see Fig. 4 Ai). When the relative concentration
of the individual fluorophores was altered, independent of the environment (see supplementary
material Table. S1), both the absolute value of the fluorescence lifetime (average lifetime: Mix
1: 2.89ns+0.12, Mix 2: 2.99ns+0.15 and Mix 3: 3.33 ns+0.11), and the spectral fluorescence
shape of the lifetime across the wavelength changed (see Fig. 4 Bi). The most notable spectral
shape change was observed in Mix 3 which reached a plateau across the wavelength between
570 nm-610 nm, instead of a decline in value. The higher lifetime of mix 3 is expected from
higher abundance of riboflavin and lower abundance of elastin compared to mix 1 and 2, while
the slight lower lifetime of Mix 1 compared to mix 2 is expected due to higher abundance of
FAD.

3.3. Exvivo lung tissue autofluorescence

The tissue samples were analysed both in terms of AFL and SFL. We assessed their characteristics
both in normal and abnormal tissue samples in individual patients separately (INpDV), and normal
and abnormal tissue samples pooled together across all individuals (pooL).

3.3.1. AFL:

pooL Despite no significant difference, a slight decline is observed between the average
lifetime of both channels from all normal samples (shorter wavelength channel: average lifetime
of 1.49ns+0.47, longer wavelength channel: average lifetime of 1.35ns+0.41) compared to
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Fig. 4. A) shows spectral fluorescence profiles of 3 samples which contain the same
concentration of reference endogenous fluorophores: FAD, Riboflavin and Elastin,
however, the pH of the solvent has been altered changing the environment of the
fluorophores. B) shows spectral fluorescence profiles of 3 different mixes of the
reference endogenous fluorophores: FAD, Riboflavin and Elastin all measured in a
pH of 7 at room temperature. Mix 1 (pink squares) is comprised of 500 pM of elastin,
50 pM of riboflavin and 100 pM of FAD. Mix 2 (blue diamonds) is comprised of
500 pM of elastin, 50 pM of riboflavin and 50 pM of FAD. Mix 3 (green dots) is
comprised of 400 uM of elastin, 100 pM of riboflavin and 100 pM of FAD. i shows the
spectral fluorescence lifetime estimated using the MuFLE model, of the 6 different
mixed samples. ii), iii) and iv) show the emission profile of the mixed solutions,
estimated using the MuFLE model, compared to the observed intensity when measured
from the EP-TRFS device (grey line). The measurements were collected in a wavelength
window between 557.13 nm-628.02 nm.

the abnormal samples (shorter wavelength channel: average 1.37 ns+0.48, longer wavelength
channel: average of 1.30 ns+0.40) (see supplementary Fig. S1 D).

INDV  In the shorter wavelength channel (see Fig. 5 A) no significant difference was observed
between any paired sample. In the longer wavelength channel (see Fig. 5 B), a significantly
higher lifetime value of the abnormal lifetime compared to the normal lifetime between one
sample (sample number 12, p-value 0.03) was observed.

3.3.2. SFL: Magnitude

POOL A consistent decrease in the average SFL is observed in abnormal samples compared to
normal samples at each channel (see Fig. 6 A). A t-test at each channel between pooled normal
and pooled abnormal samples reveal that the drop in lifetime is not significant. When considering
the average SFL of all samples, the most prominent difference is observed in the lower wavelength
region (between 560 nm - 580 nm) (see Fig. 6 A). Furthermore, a declining trend in the value
of lifetime across the wavelength range is observed, independent of sample type (see Fig. 6 A).
These observations align with some reported in the literature, i.e. [23].

INDV  To assess sample specific SFL changes, first, a paired t-test (paired at 160 channels)
between the average normal and abnormal SFL was conducted. In 8 of the samples, a consistent
decrease in fluorescence lifetime between the average normal and average abnormal sample was
observed. In 4 of the samples a consistent increase was observed, and in 2 no significant change
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Fig. 5. The fluorescence lifetime, estimated using the least squares method, of all
paired normal (blue square) and abnormal (green diamond) samples are shown. A)
shows the lifetime measured from the first spectral channel (shorter wavelength channel:
557.13nm-597.42 nm). B) shows the fluorescence lifetime measured from the second
spectral (longer wavelength channel: 597.93 nm-638.22nm). * denotes statistical
significance, i.e., p-value of t-test is less than 0.05.

was observed, however, in these samples abnormal SFL is higher than normal SFL towards
longer wavelengths (see Fig. 6 B). To present some sample specific SFL, three samples were
visualised (see Fig. 6 C, D and E). These samples had the largest increase, largest decrease and
no significant change between the SFL.

In all samples, overlap in the absolute lifetime value in at least one tissue location is observed
(see supplementary Fig. S2, S3 & S4). Furthermore, the overlap in the lifetime values does not
appear constant, with some wavelength ranges having a greater amount of overlap (i.e. in Fig. 6
F and in Fig. 6 H, one location overlaps in the lower wavelength range (560 nm - 570 nm) more
prominently). Furthermore, in the sample which shows the greatest decrease in SFL (see Fig. 6
E and H), two of the abnormal locations appear lower than the normal range of between 1.2 ns
and 0.7 ns, however, one of the abnormal locations appears in the higher region of the normal
locations. T-tests assessed at each channel did not reveal significant change in lifetime except
sample 12 where a p-value of less than 0.05 was observed in most wavelength ranges as also
demonstrated by AFL.

3.3.3. SFL: Shape

pooL: To assess the SFL shape, independent of the absolute lifetime value, the Procrustes
disparity between all samples was calculated. The median disparity between all normal SFL
was 0.076, whereas the median disparity between all abnormal SFL was 0.159, suggesting a
larger variety within the SFL shape in the abnormal than the normal. The pairwise distances
(measured using the Procrustes distance metric) between all samples was assessed and plotted
using tSNE dimensionality reduction (see supplementary Fig. S5). A slight difference between
sample type can be observed (see supplementary Fig. S5 C), where, irrespective of the sample
being normal or abnormal, the squamous cell samples and adenocarcinoma samples separate
(see supplementary Fig. S5 C).

INDV: The median disparity between the sample specific normal and abnormal SFL was
assessed (see Fig. 7). Two samples had noticeably higher median disparity within the normal,
compared to the abnormal. However, the other samples either had a combined negligible median
disparity suggesting very similar shapes (i.e. less than 0.1), or had a markedly higher disparity
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Fig. 6. Differences in the fluorescence profiles between paired normal and abnormal
samples are shown. A) shows the average spectral profiles of all tissue samples labelled
by histology as normal and abnormal. The left plot shows an overall decline in the
average SFL of abnormal samples (green) compared to the paired normal samples
(purple). The figure also shows a large amount of variance between the average normal
and abnormal values. The right plot shows the average fluorescence intensity captured
between the normal (purple) and abnormal (green). All tissue data has been analysed
across the wavelength profile of between 557.13 nm-638.22 nm. B) shows a pie chart
representing the proportion of all 14 samples where an increase, decrease or no change
between the normal and the abnormal SFL was observed. C) shows the SFL between
the sample that has the largest increase in lifetime in the abnormal tissue, compared to
the normal tissue (sample label: 12). D) shows the SFL between the sample where
no change between the normal and abnormal tissue was observed (sample label: 1).
E) shows the SFL between the sample where the greatest decrease in the SFL was
observed in the abnormal tissue compared to the normal paired sample (sample label:
9). F), G) and H) shows the absolute lifetime values of the different locations of the
paired normal and abnormal samples from the above plots.

within the abnormal sample, compared to the normal sample. Most notable in samples number 2
and 8 which had a median disparity of 0.99 and 0.77 in their abnormal, compared to 0.122 and
0.058 in their normal (see Fig. 7).

4. Discussion

Previous systems used to measure tissue AF are limited in collecting fluorescence in low
resolution spectral channels (i.e., [12]). Innovations into both high-resolution spectral devices,
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Fig. 7. Median disparity calculated from a Procrustes similarity test between the normal
(blue) and abnormal (green), paired spectral fluorescence lifetime measurements of 14
paired, clinically defined normal and abnormal ex vivo lung cancer samples.

and analysis techniques to interrogate these signals allows the total temporal spectral histogram
to be assessed in detail. The EP-TRFS device and MuFLE algorithm enable high resolution
fluorescence intensity and SFL estimation spanning across an entire emission spectrum from
557.13 nm-638.22 nm providing unforeseen details of tissue AF [26].

We demonstrate that the magnitude and shape of SFL is influenced by the relative abundance of
underlying fluorophores and their respective lifetimes (see Fig. 4). We observe this to occur while
changing the relative abundance of both simulated fluorophores and endogenous fluorophores
in samples matched to the expected fluorophores emitting in tissue with the same optical setup.
We also observe that while changing the environment of the endogenous fluorophores, the
SFL shape remains relatively similar. This provides a potential explanation to the variation we
observe in the SFL tissue data where the magnitude and shape vary considerably. We might
expect the magnitude and shape of SFL to not change if the relative abundance of the underlying
fluorophores and their environment remain homogeneous e.g., in healthy, organised tissue. We
might expect the magnitude to change, while shape remaining similar, if the lifetime of individual
fluorophores changes without the respective emission spectra changing, and we might expect
both magnitude and shape to vary if the relative abundance of the fluorophores change while
the respective lifetimes remain fixed, or if both the relative abundance and lifetimes change,
e.g., in heterogeneous, disorganised abnormal tissue, like cancer. We show that aggregating the
spectral channels into channels with large bandwidths prevents these subtle spectral information
between normal and abnormal tissue to be assessed. Although these observations align with our
expectation and our results broadly align with results reported in existing studies, a complete
validation of the hypothesis is beyond the scope of this paper. Nonetheless, we observe SFL to
provide a detailed overview of tissue characteristics, which may provide potential for improved
and informed diagnostics.

A limitation to the EP-TRFS device used in this study is that it produces fluorescence profiles
alone. Therefore, specific structures observed within the sample which may account for a unique
fluorescence profile, such as a fibrotic area, are not recorded alongside the fluorescence profile.
So, without direct microscopic images of structure, intra-heterogenous data will arise from
mixed tissue components. Furthermore, inter-heterogeneity may arise from differences in patient
history i.e. exposure to smoking, pollution and other environmental factors which may alter
the inflammatory state of the lung, limiting how normal the normal counterpart is. Additional
limitations of our study include the limited patient sample numbers, and the assumption that
every location of a tissue sample we take measurements from is biologically the same. Therefore,
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the lack of significance can be attributed to both the smaller number of patients included in the
study and smaller number of locations sampled for each tissue sample (resulting in a smaller
number of point-based histogram samples accumulated per tissue area being assessed) as well as
patient demographics and tissue environment.

Although the SFL magnitude and AFL do not show statistical significance in our analysis, the
SFL shape show significant variability in abnormal (and often normal) lung tissue indicating
the underlying complex molecular dynamics of the structure. Although the significance of the
statistical test can be improved through additional data (assuming the difference of lifetime being
50 ps and the population standard deviation being 200 ps, 253 samples will lead to a significance
test with level 0.5 and power 0.8), the underlying heterogeneity should be understood in more
detail. E.g., if it is due to underlying physical-chemical processes that can both contribute to
increase and decrease of lifetime [16], or due to patient demographics such as age or potentially
smoking status, or due to the locality of the abnormality, e.g., if it is smaller than the field of
view (i.e., <32 pm). A better understanding will lead to more informed diagnosis in precision
medicine with SFL providing more granular information than AFL.

A major limitation within the spectral range utilised in the analysis, due to the IRF measured,
remains. Since we use a fibre-based EP-TRFS system, and our device contains bandpass filters,
traditional methods for measuring the IRF remain ineffective. For example, shining light directly
onto the sensor does not account for the time delay of the optical signal travelling back and forth
through the fibre. Similarly, reflecting excitation light back through the fibre is not appropriate
since a bandpass filter blocks light less than 520 nm from entering the detector. A proper
alignment of IRF and the observed spectra remain crucial for the least squares fitting routine, and
therefore, to measure the IRF, we opt for using a fluorophore that can be excited at 485 nm with
as wide a spectral range as possible and with a decay rate shorter than the pulsed light source.
Quenched Rose-Bengal has been used in this manner [35]. Variations of fluorescein sodium was
also tested (data not shown) at various concentrations, however, we found that the decay rate of
this modified fluorophore remained wider than the laser pulse.

An excitation of 485 nm in previous studies using OEM systems has been shown to discriminate
normal from abnormal structures, therefore, as aforementioned, the same setup was applied with
this method. However, the excitation of the specific endogenous fluorophores with this device,
coupled with the IRF limitation prevent the emission peaks of either fluorophore to be measured.
Therefore, the optical setup misses the emission peak of the endogenous fluorophores which are
expected to be excited using a 485 nm excitation wavelength. However, we show, using both
simulated data and data generated bench-side that, regardless of the presence of an emission
peak, the ratio of the individual fluorescence compartments influence the SFL shape. A potential
discrimination enhancement of this application is to alter the device setup. More specifically, to
investigate this emission at a shorter excitation wavelength, i.e., 350 nm, so as to increase the
amount of endogenous fluorophores being excited. However, this is beyond the scope of this

paper.

5. Conclusion

Our study demonstrates that the relative concentration of individual fluorophores contributes
significantly to the shape and magnitude of SFL, both in simulated data and reference data while
this information is not visible in AFL. This emphasises the importance of utilising high-resolution
spectral channel data when evaluating tissue AF. Specifically focusing on lung tissue, we observed
that, in most cases, the SFL consistently drops in magnitude across all channels in abnormal tissue
compared to normal ex vivo lung tissue, although this difference is not statistically significant.
Additionally, we noted that the shape of the SFL, on average, displays greater variability in
abnormal ex vivo lung tissue compared to normal tissue. Furthermore, our observations revealed
significant inter- and intra-heterogeneity among the patient samples measured. While this limits
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the immediate translation of this approach to tissue delineation, SFL provides unprecedented
details on the tissue AF that can help better investigate the underlying tissue heterogeneity.
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Supplementary Material

7.0.1. Endogenous Fluorophore Mixes

Table 3. Endogenous fluorophore mixes used in this study.

Fluorophore concentration (uM)

_ FAD Riboflavin Elastin

1 100 50 500
2 50 50 500
3 100 100 400

7.0.2. Marginalised Histogram

To compare high-resolution spectral lifetime against alternative methods from the literature, the
histogram was aggregated into two distinct channels. This involved summing 80 fluorescence
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decays across two different wavelength ranges, mimicking two broad spectral channels: one
between 557.13 nm and 597.42 nm, which we label shorter wavelength channel, and the other
between 597.93 nm and 638.22 nm, which we label longer wavelength channel. In addition, the
IRF recorded across the histogram, as mentioned above, was aggregated in the same way (see

supplementary Fig. 8).
Table 4. Lifetime value of normal and abnormal samples recorded on difference devices.

Cancertype  Excitation wavelength  Emission channel Lifetime change Device 5 0 width Tissue preparation Reference

Lung 405 o 510 0m.5508m & 600nm-640nm  No significant differcnce No mention 40nm invivo 1s)

Lung 488 am 498 nm-ST0nm Decrease (by 0.36 ns) Léns T2nm & vivo n7n

Breast 415am No mention Decrease (by 119.ps) 0dns No mention poraffnwarby malochol )
caly pevcess

Thyroid B 3400m & 450nm Tncoemac (340nm) 0.012 s per channel No mention ox-vivo, untreated 21

3008m No significant difference (450 nm)

Gastrointestinal 355 am. 375nm Increase (by 0.44 ns) 0.25ns N i fixati 1221

Table 5. Average channel lifetime values, T statistic and P value results.
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8. Supplementary Figures

Fig. 8. The histogram and results of marginalising the histogram, splitting the observed
decay traces into two spectrally distinct channels. The observed decay from the first
channel is a product of summing all channels between 557.13 nm-597.42 nm across
the time axis, the second channel is a product of summing all channels between
597.93 nm-638.22 nm across the time axis A). The lifetime values between all normal
(green crosses) and abnormal (orange diamonds) samples from both channel 1 and 2 is
shown B). The bar plots represent the average lifetime value from that sample type in
the specified channel. The results from a sample following the least squares estimation
of the fluorescence decay from the two channels is shown C) and D). The blue decay
represents the observed decay, the green represents the instrument response function
and the orange decay represents the decay as a result of the fitted data. The subplot
below the decay trace represent the residuals of between the observed and fitted data.



Fig. 9. Spectral fluorescence lifetime profiles of paired normal and cancer diagnosed as
Adenocarcinoma. A) represent the 6 early stage samples and B) is a lung metastasis.



Fig. 10. Spectral fluorescence lifetime profiles of paired normal and cancer diagnosed
as Squamous cell carcinoma. A) represent the 4 samples classified as stage 3A and B)
is a sample classified as stage 2B.

Fig. 11. Spectral fluorescence lifetime profiles of paired normal and cancer diagnosed
as either large cell neuroendocrine carcinoma stage 3A A) or malignant melanoma B)



Fig. 12. tSNE plots representing the pairwise distance between the spectral fluorescence
lifetime of 14 ex vivo clinically defined normal and abnormal samples. This distance was
measured using the Procrustes similarity test. A) shows the difference between all normal
samples (blue square) compared to the abnormal samples (green diamond). B) shows
the difference between and within all samples, normal (square) and abnormal (diamond).
C) shows the difference between samples clinically defined as Adenocarcinoma (blue),
Squamous cell (green), Neuroendocrine (beige) and Melanoma (mauve).
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Table 4.1: Sample information of the additional ex vivo lung tissue assessed in this thesis.

Sample label Cancer type Stage Age Sex
15 Adenocarcinoma 3 53 F
16 Squamous cell carcinoma 1 69 F
17 Mucinous Adenocarcinoma 3 73 F
18 Squamous cell carcinoma 3 79 M
19 Squamous cell carcinoma 2 82 M
20 Adenocarcinoma 3 67 M
21 Squamous cell carcinoma 2 72 M
22 Adenocarcinoma 3 75 F
23 Adenocarcinoma 3 72 M

4.2 Summary

As discussed in [41], the SFL may be influenced by the relative proportions, or concentrations,
of underlying fluorophores excited in a system which is comprised of multiple fluorophores.
This was explored using simulated data (see Fig. 4.1 & [41, Fig. 3]), and fluorophores when
measured benchside (see [41, Fig. 4]). The SFL shape and magnitude was next explored
in tissue, highlighting, on average a greater disparity in abnormal tissue SFL shape and
magnitude compared to normal.

One of the main observations of [41], which limits the statistical significance of the res-
ults obtained from lung tissue, is the high inter- and intra-sample heterogeneity. The study’s
limitation lies in the number of point sampling measurements recorded per sample. Given
the sensitivity of AF to numerous photo-physical factors, the low number of point sampling
measurements may have contributed to the observed high levels of heterogeneity. There-
fore, additional samples collected between January 2023 - June 2023, where feasible, were
measured with a higher number of point sampling measurements. Specifically, 9 additional
paired ex vivo lung samples were assessed, with each sample having between 1 and 22 point
sampling EP-TRFS measurements collected (see Table.4.1).

4.3 Additional Samples Analysis

The additional samples were labeled samples number 15-23 (see Table.4.1). For one sample
(number 16), due to its size, only 1 point sampling measurement was possible from both the
normal and abnormal tissue collected (see Fig. 4.2).

First, the SFL of the additional samples are assessed (see Fig. 4.2). A Welch’s t-test is
applied to the SFL at each channel to assess whether a significant difference between the
normal and abnormal samples is present. Statistical significance is determined if a p-value
of < 0.05 is observed. In samples numbered 15, 19 20 and 21 a significant difference in
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Figure 4.1: The underlying intensity (A), B) & C)) from simulated histograms of individual
fluorophores with varying relative intensities ((D), E) & F)). Each histogram is generated from
3 individual fluorophores with fixed fluorescence lifetimes of 5ns, 2ns & 0.8 ns. The spectral
fluorescence lifetime (SFL) (G), H) & 1)) of the simulated histograms was observed to vary,
reflecting changes to the relative intensities of the individual fluorophores the histograms are
simulated from. The SFL are estimated using the MuFLE model in single exponential mode.
Figure adapted from [41, Fig. 3].
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Figure 4.2: Samples paired clinically as ex vivo normal (green) and abnormal (blue) lung
tissue. The black lines represent the mean spectral fluorescence lifetime of each sample type,
dotted as the normal and dashed the abnormal. The data has been collected on the EP-
TRFS device and analysed using the single exponential Multichannel Fluorescence Lifetime
Estimation (MuFLE) model assessing the average spectral fluorescence lifetime trend across
the emission spectrum.
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all channels is observed (see Fig. 4.2). It is difficult to conclude, following the addition of 9
samples, if the larger number of point-sampling measurements contributed to a statistically
significant difference between the normal and abnormal samples. Although 4 samples exhibit
an overall significant difference, samples 18, 22 and 23, despite an increase in the number
of point-sampling measurements collected, considerable overlap in their SFL is observed.
Moreover, in sample 16, only two areas were sampled, however, a large difference (> 0.5ns
SFL magnitude) between the two samples is observed.

A Procrustes disparity assessment is next conduced to determine differences in either the
shape or magnitude of the SFL of the additional samples (see Fig. 4.3). In 7 of the 9 samples,
an elevated median disparity in the abnormal sample, compared to the normal counterpart can
be observed. There is one sample, however, sample 20, where a larger disparity in the normal
tissue is observed. Therefore, variations in the significance of this metric for disseminating
tissue remain. However, the additional samples complement the results observed in [41],
showing overall, the SFL varies more in abnormal tissue compared to normal [41].

Figure 4.3: Samples paired clinically as ex vivo normal (green) and abnormal (blue) lung
tissue. The data has been collected on the EP-TRFS device and analysed using the single
exponential Multichannel Fluorescence Lifetime Estimation (MuFLE) model assessing the
average spectral fluorescence lifetime (SFL) trend across the emission spectrum. Variation
and magnitude of both the normal and abnormal SFL from the individual patients was
analysed using a Procrustes similarity test, the median disparity from this test is shown.
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4.3.1 Sample Type Assessments

In addition to inter-sample heterogeneity, variations in the FL change between normal and
abnormal samples for different patient types are also observed [41, Fig 6 & 12]. An increase
in the FL magnitude of the abnormal sample 20 is observed, however, a decrease in the
FL magnitude from the abnormal sample in samples numbered 15, 19 and 21, compared
to the normal counterpart is observed. Different photo-physical properties of the underlying
fluorophores from individual patients may account for this difference. Including the metabolic
profile of the tumour, and factors effecting the normal sample such as, patient smoking status,
age and whether other comorbidities are also present within the lung, effecting how normal
the normal sample is. From the entire patient cohort used in this study, a range of different
patient types exist, such as, stage, age and gender, this may also account for the difference
in the FL observed (see [41, Table 2] & Table 4.1).

To assess whether FL change is contributed to a patient sample type, independent to whether
the sample was normal or abnormal, the FL of different sample types are analysed. A dif-
ference between the cancer type in both the normal and the abnormal counterpart can be
observed. An increase in the Adenocarcinoma mean SFL is observed compared to the mean
SFL of the Squamous cell carcinomas (see Fig. 4.4 A & B). Differences in the average SFL
of patients presenting with tumours at difference stages can also be observed. The highest
average SFL magnitude is observed from patients presenting with stage 2 disease. The
lowest average SFL magnitude is observed from patients presenting with stage 1 disease.
This can be observed in both the normal and the abnormal samples (see Fig. 4.4 C & D).
No difference can be observed between the mean magnitude and shape of the SFL when
samples are analysed based on their sex. Despite a difference in the mean values of pa-
tients with different cancer types and stage, large heterogeneity remains, preventing statistical
significance. Therefore, additional samples and a further increase in the number of point
sampling EP-TRFS measurements per sample are required to assess whether these results
have clinical implications. Moreover, the samples were all measured ex vivo, therefore, their
profiles may change when measured in vivo due to the presence of different environments,
pH and vasculaculture surrounding the tumour in the body cavity.

4.4 Conclusion

This chapter shows the SFL shape and magnitude is influenced by the relative concentration
of the underlying fluorophores in a sample. We show when applied to lung tissue samples
that there is a greater variation of SFL shape within most of the abnormal samples, compared
to the normal. This suggests that there is a larger amount of variation in the relative con-
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Figure 4.4: Spectral fluorescence lifetime (SFL) profiles measured on a time resolved
fluorescence spectroscopy device (TRFS) and analysed using the Multichannel Fluorescence
Lifetime Estimation (MuFLE) model of ex vivo clinically defined as non-cancerous (normal)
and cancerous (abnormal) lung tissue. Samples from cancer cell types Adenocarcinoma and
Squamous cell carcinomas from all normal A) are compared to all the abnormal B). Samples
from different stages are next displayed, comparing all the normal C) with all the abnormal
samples D). Finally, normal samples from patients of different genders E) and abnormal
samples from patients of different genders F) are compared. The average SFL is included
in each figure (black)

centration of endogenous fluorophores in cancerous tissue compared to the normal tissue.
These results, however, were not consistent across all patients, or sample types. We also
show changes in the the mean SFL values when compared to different tumours types and
stages. However, heterogeneity also prevents this statistical significance.
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A major limitation of this study is the limited number of patient samples, and of point sampling
measurements conducted per sample. Therefore, future work involves both the collection of
more lung samples, and a higher number of EP-TRFS point samples measured per lung
tissue. In addition, these features are likely to change further when the tissue is analysed
in vivo, therefore, future work to include assessing the SFL shape and magnitude of tissue in
vivo is required. Furthermore, variation in the relative number of fluorophores has been shown,
however, the single exponential model prevents the identification of which fluorophore(s) are

changing. For a more in depth assessment of the individual fluorophores, a multi-exponential
MuFLE model may be required.



Chapter 5

Towards Total Un-mixing

Advancements in high-resolution point-based TRFS devices, coupled with the development of
computational models such as MuFLE, allow the concurrent spectral-temporal profile of indi-
vidual fluorophores to be evaluated. When used in a multi-exponential mode, we demonstrate
MuFLE to un-mix endogenous fluorophores simultaneously in both spectral and temporal do-
mains of ex vivo lung samples from both cancerous and non-cancerous tissue, without relying
on any a priori information (i.e., no previous reference to spectral or temporal information from
the expected fluorophores).

We validate the presence of specific MuFLE un-mixed fluorescence components using a gold
standard benchtop FLIM confocal microscope measurement of the same sample. Through a
comparative analysis of the changes in FL between cancerous and non-cancerous profiles we
finally show evidence of component specific changes responsible for the overall shift in tissue
AF. The identification of the fluorescence components responsible for AF changes in ex vivo
samples may, therefore, enable endogenous fluorophore specific label-free tracking.

Consequently, the integration of this device and MuFLE, when applied in vivo may facilitate the
instantaneous measurement of specific molecular and environmental properties associated
with individual endogenous fluorophores in tissue. This approach provides novel insights,
offering a comprehensive understanding of the molecular dynamics in ex vivo tissue, label-
free and in real-time.

5.1 Introduction

Novel optical technologies, such as FL devices (i.e., TRFS and FLIM) measure the photo-
physical characteristics of tissue samples [131]. The diagnostic advantages of these techno-
logies over more traditional methods, such as PET scans, radiographs, and histology, include
reduced exposure to ionizing radiation, lower cost, and localised real-time assessment of
suspected diseased areas in vivo [8]. The sensitivity of FL devices has shown promise in early
stage cancer discrimination, cancer margin detection, and differentiation between benign and

102
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malignant tumors in various tissues [155, 154, 133]. Therefore, FL technologies may offer
clinical advantages in diagnosing LC due to reduced radiation exposure and costs, enhanced
local sensitivity, whilst also offering an immediate in vivo assessment. In doing so, these
devices may also address LC specific complexities like late or uncertain diagnoses [3].

FL devices, when used in a label-free setting, measure the AF of tissue, encompassing both Fl
(the amount of photons detected) and the FL (the time the photons take to decay to é of their
initial value) of specific naturally occurring endogenous fluorophores (e.g., NAD(P)H, elastin,
porphyrin) [117, Fig. 2]. Changes of the photo-physical properties of endogenous fluorophores
in various disease states underpins the discriminating potential of these devices. The range of
endogenous fluorophores responsible for different AF profiles between cancerous and non-
cancerous samples depends also on the optical setup of the FS device (e.g., an excitation
of 485nm and emission setup of 500 nm-600 nm measures specifically elastin and flavins.
Whilst an excitation of 400 nm and emission setup of 450 nm-550 nm measures elastin, col-
lagen, lipopigments and flavins) [21, Fig.3.2]. Therefore, both the photo-physical properties
of endogenous fluorophores and the optical setup of the device influence which fluorescence
molecules are measured and in-turn, the overall discrimination potential.

Current devices assessing AF from ex vivo and/or in vivo samples typically use an excitation at
355 nm and measure the subsequent emission in distinct wavelength channels of 390+20 nm,
470+14 nm, 540+25nm and 629429.5nm [132, 133, 134, 135, 126, 139]. Moreover, the
analysis of the FL and Fl in these studies typically involves a deconvolution method, either
via the Laguerre expansion model (i.e., [126, 132, 139]) or a least squares fitting (i.e., [134]).
These analysis tools then utilise either the average FL or a bi- and in one case a tri-exponential
model (i.e., [120]) to estimate the FL within the channels (see Table 1.1).

These distinct emission channels are adjusted to collect photons from specific fluorophores:
NAD(P)H, FAD, and porphyrins, by aligning with their expected emission peaks. Studies using
an optical set-up optimised for FAD detection (i.e., an emission channel between 545-595 nm),
observed metabolic specific FL alteration of BEAS-2B cells [120]. An increase in FL was ob-
served when 3-bromopyruvate was administered (a glycolysis inhibitor), however, a decrease
in FL was observed when CoCl, (an OXPHOS inhibitor) was administered compared to the
control group [120].

Fluorophore specific channels also allow changes in multiple fluorophores to be assessed. In
particular the ratio between metabolic fluorophores NAD(P)H and FAD, produces the redox
ratio of the sample. Redox regulation and the disruption of this cellular process has implication
in the downstream signalling resulting in changes to transcription factors such as NFxB
[156]. This has implications in apoptosis, inflammation and cancer. The fluorescence lifetime
redox ratio, FLIRR, provides a photo-physical assessment of this metric. Traditionally a bi-
exponential decay fit within the channels allow the Fl ratio of protein bound and un-bound
NAD(P)H and FAD to be assessed. Comparing the protein bound ratio of both NAD(P)H and
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FAD, produces the FLIRR. l.e.,
FLIRR = NAD(P)H > /FAD (5.1)

where the amplitude (&) from the longer FL in the NAD(P)H channel (i.e., an emission
channel between 426-446 nm) is compared to the amplitude (o!) from the shorter FL in the
FAD channel (i.e., an emission channel between 542-582 nm) [110]. This indicates the redox
status of the tissue, with an increase indicating an OXPHOS shift and a decrease indicating a
glycolysis shift [124, 110].

More recent studies show the implication of fluorescence from bound and unbound FMN,
also contributes to the FL within the FAD channel [110]. Due to the bi-exponential fit, the
paper argues this fluorophore is not being accounted for in traditional FLIRR calculations. This
particular paper redefined the FLIRR using a tri-exponential decay within the fitting routine of
the FAD channel. Therefore, 3 different ratios were calculated:

FLIRR1 = NAD(P)H,: /FAD,; (5.2)
FLIRR2 = NAD(P)H ;2 /FAD (5.3)
FLIRR3 = NAD(P)H, /FAD 3 (5.4)

where amplitudes ! o? and o reflect the shortest to longest FL estimated from the FAD
channel. From the analysis of cell lines, the study found FLIRR1 had the highest statistical
significance between tumour and normal cells [110].

An alternative study, evaluating the FL of 111 brain tissue samples in vivo, classified the FL
from a channel between 500-580 nm. In addition to the time domain assessment, the spectral
emission between 430-740 nm was also assessed. Within the emission analysis, an increase
in a peak at 495 nm was observed in correlation to increasing glycolysis. This was attributed to
an increase in protein bound FMN which also has a higher quantum yield than FAD. Moreover,
in the assessment of FL from the FL channel, an increase was also observed in correlation
to increasing glycolysis. This FL increase was also attributed to protein bound FMN, which
counter to FAD, increases in FL when bound to proteins [121](see Fig. 1.9). Both studies
highlight the complex nature of characterising specific fluorophores in tissue. An additional
component emitting within the FAD/flavins channel, and present in high levels in the brain
amongst its ECM is elastin [157]. This fluorophore may also have additional implications in
the redox calculation if un-described due to its FL similarities with protein un-bound FMN.

An alternative, fluorophore specific FL approach has been proposed [158]. This study shows
that the average FL is indicative to the relative concentration of both mixed endogenous
and exogenous fluorophores when measured in 6 individual wavelength channels, with a
wavelength bandwidth resolution of 20 nm-70 nm. The authors argue that this technique can
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be used to quantify and monitor the concentration of NAD(P)H and FAD in vivo. However,
without an entire spectral reference, it is difficult to ascertain from the average FL alone
whether alternative fluorophores or those present in different environmental states are re-
sponsible for the observed FL change [158]. This is particularly relevant in complex systems
where the presence of specific fluorophores based on their decay rates alone are difficult to
determine. E.g., the FL of FMN increases in glycolysis [121], however FAD FL decreases in
glycolysis [120], potentially counteracting the overall FL values of these changes. Therefore,
FL un-mixing without a spectral reference becomes difficult to interpret, limiting the specificity
of these assessments.

The FL differences observed in cancerous tissues, whether increasing or decreasing com-
pared to the non-cancerous counterpart, reflects a nuanced interplay of different photo-physical
characteristics from the underlying endogenous fluorophores, emphasising the complexity of
a FL diagnostic based interpretation. We argue that a system capable of simultaneously
resolving endogenous fluorophores in both the spectral and temporal domains, across a
broader wavelength range and at a higher wavelength bandwidth resolution, may enhance the
certainty that the respective emission and FL compartments correlate to fluorophore specific
alterations. We have previously shown that at an excitation of 485 nm, in a fibre-based system
applicable for in vivo lung exploration, we can un-mix exogenous reference fluorophores
accurately in both the spectral and temporal domain simultaneously with no information a
priori (apart from the number of fluorophores present in the sample) [47]. We have also
shown, in a separate study, the diversity and heterogeneity of FL differences between the
average paired, early stage, cancerous and non-cancerous lung tissues; we have observed
that in general the SFL shape in cancerous tissue is more varied than in non-cancerous
tissue, suggesting an increase in the photo-physical complexity of the underlying endogenous
fluorophores in a diseased state [41].

The EP-TRFS device, referred to as Flamingo, that is used in this study generates high
resolution spectral-temporal histogram profiles of the underlying fluorescence. The histograms
are analysed using multi-exponential variations of the MuFLE model (as detailed in [47])
to un-mix the spectral-temporal profile of the underlying endogenous fluorophores in paired
ex vivo, clinically defined cancerous and non-cancerous early-stage lung tissue. We assess
the spectral-temporal profiles of these fluorophores when measured benchside. In addition,
we compare the relative concentration of these fluorophores from both cancerous and non-
cancerous samples, and assess the MuFLE un-mixed compartments in differentiating LC from
non-cancerous samples. We finally identify fluorophores in both the EP-TRFS device and in
the FLIM confocal device, allowing the spatial location of these fluorophores to be assessed.
This study shows, for the first time to the best of our knowledge, individual endogenous
fluorophores, label free, may be assessed in both the spectral and temporal range, in a fibre
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based system. This provides details into understanding which molecules are responsible for a
fluorescence discrimination, and potentially enables us to understand why and how they are
implicated in a disease setting, for a better, personalised diagnosis, which can be applied in
vivo in the near future (see Fig.5.1 for the work flow overview).

5.2 Methods

5.2.1 Endogenous fluorophores

Three endogenous fluorophores known to be excited at 485 nm and be present in lung tissue
were measured benchside: FAD (Sigma-Aldrich: F8384-100MG), riboflavin (Sigma-Aldrich:
R9504-25G) and elastin (Sigma-Aldrich: E4527-1G). To standardise the measurements, these
were all made up in 44H,O to a pH of 7 and collected at room temperature. Both FAD and
riboflavin were made up in a concentration of 100 uM, while elastin, due to its lower quantum
yield was made up in a concentration of 250 uM.

5.2.2 Exvivo lung resections

Upon initial assessment 14 paired ex vivo lobectomy specimens from patients between Janu-
ary 2022 - January 2023 were assessed, as also analysed in [41] (NHS Lothian BioResource,
Scotland Research Ethics Service, reference 15/ES/0094). The paired samples were clinically
defined as cancerous and non-cancerous samples and by type, stage and age (see Table. 2
[41]). The tissue area available to measure ranged from 50 mm-3 cm. Therefore, depending
on the sample size available, between 3-6 locations were measured on the EP-TRFS device.
In addition, as mentioned in [41], measurements were collected using a 3 axis Cartesian
robot [159] (see Fig. 5.1 A). 3 repeated histograms were summed together, and histograms
with a peak FI (i.e., photon counts) <300 were excluded from the analysis due to poor signal-
to-noise. Following the initial tissue assessment 9 additional ex vivo lobectomy specimens
from patients between January 2023 - June 2023 were also assessed. These samples were
analysed using the same method detailed above. The details of all samples analysed in this
chapter are presented in Table. 5.1. Following assessment on the EP-TRFS device samples
numbered 11, 15 & 16 were assessed on a FLIM confocal microscope (see section. 5.2.4 for
more detail). Note that only one location of cancerous and non-cancerous tissue from sample
number 16 was collected due to the sample size.
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Table 5.1: Tissue samples analysed alongside their respective features, with the number of
components fitted using a multi-exponential MuFLE model displayed. Samples where t-tests
were conducted are highlighted in blue.

Number of 3  Number of 2

Sample label Cancer type Stage Age Sex components  components
1 Adenocarcinoma 1 63 F n/a 2AB,3N
2 Adenocarcinoma 1 63 M 3AB,3N n/a
3 Adenocarcinoma 2 73 F n/a 3AB,3N
4 Adenocarcinoma 1 74 F n/a 2 AB,3N
5 Adenocarcinoma 2 77 M 1 AB 2 AB,3N
6 Adenocarcinoma 3 86 M 3 AB,3N 1N
7 Adenocarcinoma n/a 83 F n/a 2AB,3N
8 Squamous cell carcinoma 3 77 M 1 AB 1 AB
9 Squamous cell carcinoma 3 66 M 3AB,4N 1N
10 Squamous cell carcinoma 3 67 M 3 AB,3N n/a
11 Squamous cell carcinoma 3 68 F 2AB,3N 1 AB
12 Squamous cell carcinoma 2 77 F n/a 1 AB
13 Large cell neuroendocrine 3 81 M n/a 4AB, 2N
14 Malignant melanoma n/a 83 M n/a 3AB, 2N
15 Adenocarcinoma 3 53 F 8 AB 2AB, 10N
16 Squamous cell carcinoma 1 69 F 1AB1N 1 AB
17 Adenocarcinoma 3 73 F n/a n/a
18 Squamous cell carcinoma 3 79 M 2AB,3N 8 AB,6 N
19 Squamous cell carcinoma 2 82 M n/a 2AB,3N
20 Adenocarcinoma 3 67 M 4 AB 1 AB, 3N
21 Squamous cell carcinoma 2 72 M 3AB,17N 4 AB, 4N
22 Adenocarcinoma 3 75 F 17N 10 AB, 3 N
23 Adenocarcinoma 3 72 M 3AB,6 N 2AB, 13N

Figure 5.2: Ex vivo lung tissue samples were assessed using an extensively paral-
lel time-resolved fluorescence spectroscopy device and analysed using the Multichannel
Fluorescence Lifetime Estimation (MuFLE) model. Multi-exponential variations of MuFLE
were applied, revealing tissue samples containing either 3 or 2 components. The tissue
types, adenocarcinoma or squamous cell carcinoma, are shown to compare the number of
components they exhibit.
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5.2.3 EP-TRFS

The EP-TRFS device used in this study was used in TCSPC mode, the device has been
characterised previously in [47] and [41]. A PicoQuant laser, with an excitation of 485 nm (laser
diode head (LDH-P-C-485, PicoQuant, Germany) and laser driver (PDL 800-D, PicoQuant,
Germany) used at a repetition rate of 20 MHz was used to excite the samples. This bespoke
device has a highly integrated high-resolution line sensor which is able to measure 512
spectral channels of 0.5nm resolution (or wavelength bandwidth resolution) and a total of
1200 time bins of 50 ps (temporal resolution). Histograms of photon arrival times measured
at all channels in parallel using 1.5 x 108 exposures with a 5 s exposure time and an optical
laser output power of 175 uW. For the purpose of this study, a narrower spectral range was
used for AF collection, 160 spectral channels between 552.03 nm-633.12 nm. We are limited
to this spectral range due to the constraints of the IRF since an accurate measurement of the
IRF is essential for the fitting routine used. In addition, due to both excitation filters and the
dichroic beam splitter, following an excitation of 485 nm, we capture the emission tails of the 3
endogenous fluorophores anticipated to be present in the measured in tissue data as shown
in [41, Fig. 2].

5.2.4 Fluorescence Lifetime Imaging Microscopy

A Leica STELLARIS Falcon FLIM confocal microscopy setup was used to assess the AF of
paraffin embedded lung slides. To prepare the slides, a standard procedure was used, the
tissue was fixed in formaldehyde 4% in PBS overnight, then processed for embedding in
paraffin on slides, 4 um thick. The tissue was assessed on the FLIM device using two setups.
The excitation and emission window of the device for both setups was 485 nm for excitation
with an emission window of 550 nm-630 nm (so that the fluorescence collection matched the
EP-TRFS). In the first setup a 20x objective lens was used, 512x512 spatial pixels were
sampled, measuring images of 581.25 um-581.25 um, with a pixel size of 1.14 pmx1.14 um. In
the second setup zoom 4 was applied, such that images tiles of 145.31 umx145.31 um, with a
pixel size of 0.284 umx0.284 um were collected. The analysis was performed using the multi-
exponential precise fit method from the Leica X analysis software. The number of components
was determined, in accordance to the FLIM Leica Handbook, when a chi-squared value close
to 1 and smooth residuals was observed [45].
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5.2.5 Analysis

The samples from the EP-TRFS device were analysed using a multi-exponential MuFLE
model as detailed in [47]. Specifically MuFLE with 2 and 3 exponentials were assessed.

Multi-exponential MUFLE Analysis

In the multi-exponential MuFLE model, in addition to estimating the Fl and FL simultaneously
over all spectral channels, we assume the FL varying across the wavelength range is fixed,
therefore, we used fixed FL values within the MuFLE model for each component where the
number of exponentials are more than one, i.e., L > 1. The overall histogram can be described
as

s|p,m] = (f[p] = h[p])[m] +b[p] and

L
flp,m] = Zl?’z[m] exp(—tm/T[m]) (5.5)
p=

where y[p] and 7;[m]| are spectral Fl and FL for the individual components, k[p][m] is the IRF
and b[p] is the dark count rate. y;[m] is modelled using cubic B-splines (B;) with equidistant
knots as described in [47], i.e., vi(w) = fyzl al'B;(w), while 7;[m] = 7, is modelled to be fixed
over channels. Given y[p,m] is the observed signal at the m-th time bin and p-th spectral
channel, the coefficients a}’i and 7; are estimated by minimising the loss function (assuming
h[p,m] is known)
P M
n=YY (lp.m]—s[p.m))*. (5.6)
p=1m=1
The FI coefficients a% are initialised with randomly generated values uniformly distributed
between (0, 1), and FL coefficients 7;[m] are initialized with randomly generated values uni-
formly distributed between (0, 4). The solution with the lowest cost function from 10 different
initialisations was chosen for further analysis.

Number of Exponentials

To determine the suitable number of components present in the tissue data, we fitted MuFLE
with 2 and 3 exponentials since we expect at most three fluorophores to be excited in the
tissue data from the excitation wavelength used. We choose the number of components
with the least residual variance, referred to as /. However, we prefer a smaller number of
components, i.e., £ — 1, if 1) one of the FLs in the best solution is less than 0.1 ns, as this is
below the expected range of endogenous fluorophores found in tissue, and 2) if the difference
between any two FLs is less than 0.5 ns, as these similar FLs might be a result of convergence
issues due to inherently noisy measurements, and they might be originating from the same
fluorophore.
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Table 5.2: The average fluorescence lifetime of a tri-exponential MuFLE model applied to both
cancerous and non-cancerous ex Vvivo lung tissue.

Cancerous lifetime (ns) Non-cancerous lifetime (ns) p value

Lifetime 1 0.25 £ 0.099 0.19 £ 0.10 0.012
Lifetime 2 1.15 £ 0.37 1.017 = 0.38 0.078
Lifetime 3 4.24 £+ 1.52 413 =+ 1.56 0.73

5.3 Results

5.3.1 Simulated Data

First, the accuracy of a multi-exponential MuFLE model on simulated data is assessed. The
effectiveness in MuFLE un-mixing simulated fluorophores with overlapping emission spectra
and similar FL compartments are explored (see appendix section 7.2 & Fig.7.2). In both
the double and triple exponential mode, MuFLE accurately un-mixed spectral and temporal
profiles of the underlying simulated fluorophores where the spectral regions overlap (as is
expected with the fluorophores present in tissue following excitation at 485 nm). Moreover,
where spectral emission peaks are present, MuFLE accurately un-mixed both the spectral
and temporal profiles, showing if this model is to be extended to an excitation range assessing
fluorophores with different peaks, MUFLE may be applied (see appendix Fig. 7.2).

5.3.2 Multi-Exponential Tissue and Endogenous Fluorophores

Next, we assess individual components within the ex vivo paired cancerous and non-cancerous
tissue data. To determine how many components are present within each measurement a
specific regime is applied, as aforementioned in section 5.2.5. From a total of 252 histograms
(100 cancerous and 152 non-cancerous), a total of 102 histograms is observed to contain 3
components and 123 to contain 2 components (see Table 5.1). Within the histograms with 3
components, we observe 36 % as cancerous and 64 % as non-cancerous (see Fig. 5.3 A-D);
within the 2 component data, we observe 41 % as cancerous and 59 % as non-cancerous (see
Fig. 5.3 E-H). Furthermore, in assessing the number of components compared to the cancer
type, a higher proportion of squamous cell carcinomas were found to contain 3 components,
whereas more adenocarcinoma samples were found to contain 2 components (see Fig. 5.2 &
Table 5.1).

Triple Component Assessment

Distinct average FL values can be observed from histograms containing 3 components, as
presented in Table. 5.2. Furthermore, there is a decrease in the average FL across all com-
partments in the non-cancerous samples compared to the cancerous samples (see Table. 5.2).
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Figure 5.3: The average spectral-temporal profiles of ex vivo clinically defined cancerous
and non-cancerous lung samples are shown. The samples were assessed using a multi-
exponential Multichannel Fluorescence Lifetime Estimation (MuFLE) model. Two and three
components are observed within the tissue data. The average spectral profiles from the
tri-exponential cancerous samples are shown in A), and the corresponding temporal (or
fluorescence lifetime) profiles are shown in B). The average spectral profiles from the bi-
exponential cancerous samples are shown in E), and the corresponding temporal profiles
are shown in F). In comparison, the average spectral profiles from the tri-exponential non-
cancerous samples are shown in C), and the corresponding temporal profiles are shown in
D). The average spectral profiles from the bi-exponential non-cancerous samples are shown
in G), and the corresponding temporal profiles are shown in H).

When comparing the 3 FL values estimated within the tissue data to the FL of specific
endogenous fluorophores anticipated to be excited at 485nm and emit within the meas-
ured emission window of the EP-TRFS device, similarities are observed (see Fig. 5.4 and
Table. 5.3). Specifically, the FL range of protein bound FAD, as reported in the literature, is
anticipated to be between 0.1 ns-0.95ns [160, 21]. A similarity between this FL range and
the shortest FL value observed in the tissue data is observed (average cancerous 0.25ns =+
0.099, average non-cancerous 0.19ns + 0.10) (see Fig. 5.4 D-F). Furthermore, a similarity
is observed in the corresponding emission spectra in both shape and magnitude, between
the spectra of FAD measured benchside and those corresponding to the short FL values (see
Fig. 5.4 A-C).

The FL of elastin, as reported in the literature, is between 1.72-2.3 ns [89, 21] (see Table. 5.3).
In addition, when elastin is measured benchside on the EP-TRFS device, a value of 1.13ns is
observed. An overlap between the FL range with the middle FL value estimated within the tis-
sue data, and the elastin when measured benchside is observed (average cancerous 1.28 ns
+ 0.56, average non-cancerous 1.09ns + 0.39) (see Fig. 5.4 D-F). A comparable shape and
magnitude in the emission spectrum of the FL corresponding to the middle component in
tissue, and the emission spectra of elastin measured benchside on the EP-TRFS device is
also observed (see Fig. 5.4 A-C).
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Table 5.3: Fluorescence lifetime values of the endogenous fluorophores excited at 485 nm as
described in the literature.

Protein bound FAD s FAD in PBS FAD/FMN/Riboflavin
s Elastin lifetime (ns) ., .. .
lifetime (ns) lifetime (ns) lifetime (ns)
0.15-0.33 [21] 1.72-1.83 [89] 2.5[21] 3.13[161]
0.3-0.4 [160] < 2.3[21] 2.8[21] 4.27-4.67 [21]
0.5-0.95[21] 4-12 [21]
2.5-2.8 [160]

The 3 FL component estimated from the tissue data exhibits the longest FL value among
the unmixed components (average cancerous 4.40 ns + 1.75, average non-cancerous 4.15ns
4 1.41) (see Fig. 5.4 E & F). Notably, comparable FL values are observed between the FL
of riboflavin measured on the EP-TRFS device (4.31 ns) and the longer FL values from the
third component in tissue. Furthermore, similarities are also noted in the range of this FL
measured in tissue compared to the anticipated FL values of both protein unbound FAD and
protein bound FMN, as reported in the literature (3.13 ns-12ns) [161, 21] (see Table. 5.3).

Figure 5.4: The spectral-temporal comparison of different samples measured on the extens-
ively parallel time resolved fluorescence spectroscopy (EP-TRFS) device, coupled with the
Multichannel Fluorescence Lifetime Estimation (MuFLE) model. The emission spectrum of
MuFLE between endogenous fluorophores measured benchside A) is compared to ex vivo
lung resections clinically defined as cancerous and non-cancerous B) & C). The fluorescence
lifetime (FL) values between endogenous fluorophores reported in the literature D) and the FL
estimated using MuFLE on ex vivo lung resections E) & F) are also compared. The filled lines
represent the average values and the shaded lines represents the standard deviation.
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Table 5.4: The average fluorescence intensity of a tri-exponential MuFLE model applied to
both cancerous and non-cancerous ex vivo lung tissue.

Cancerous intensity Non-cancerous intensity

(a.u.) (a.u.) pvalue
Intensity 1 0.37 £+ 0.089 0.34 £ 0.085 0.15
Intensity 2 0.21 £ 0.052 0.20 4+ 0.033 0.42
Intensity 3 0.11 £ 0.047 0.11 4+ 0.038 0.58

When evaluating the relative FI of the 3 components using their corresponding FL and match-
ing emission profiles in both cancerous and non-cancerous samples, the highest relative Fl,
on average, originating from the fluorophore with the shortest FL is consistently observed
(average cancerous 0.37 + 0.089, average non-cancerous 0.34 + 0.085). Conversely, the
lowest relative Fl is observed to originate from the fluorophore with the longest FL (average
cancerous 0.11 £ 0.047, average non-cancerous 0.11 + 0.038) (see Table. 5.4). These
findings are consistent with literature reports, where it was observed that over 70 % of the
emission originated from a short FL compartment, with the longest FL compartment displaying
the lowest FI 15%-25 % [160, 110].

Double Component Assessment

When comparing the 2 component FL values estimated within the tissue data to the FL
of specific endogenous fluorophores anticipated to be excited at 485 nm and emit within
the measured emission window of the EP-TRFS device, similarities are also observed (see
Fig. 5.3 E-H and Table. 5.3). Notably, similarities are observed with the component exhibiting
the shortest FL value and the FL value of protein bound FAD (average cancerous 0.56ns =+
0.40, average non-cancerous 0.55ns £ 0.41). Although these values are marginally higher
than those observed in samples where 3 components are estimated, there is overlap. Fur-
thermore, this component also displays a higher FI (average cancerous 0.43 + 0.10, average
non-cancerous 0.40 + 0.13).

Similarities are also observed with the longer FL and the FL corresponding to the group of flav-
ins (including FMN, unbound FAD, and riboflavin) (average cancerous 4.12 ns, average non-
cancerous 3.92ns). However, the range of the FL from this compartment is notably broader
than the range from the samples displaying 3 components (average cancerous 4.12ns +
3.48, average non-cancerous 3.92ns 4 2.75) (see Fig. 5.3 F & H). The broad range of this
longer FL component also aligns with both FL values of elastin reported in the literature and
measured on the EP-TRFS device. Moreover, the Fl with the long FL component exhibits the
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Table 5.5: The average fluorescence lifetime of a bi-exponential MuFLE model applied to both
cancerous and non-cancerous ex Vvivo lung tissue.

Cancerous lifetime  Non-cancerous lifetime

(ns) (ns) p value
Lifetime 1 0.56 4 0.40 0.55 £+ 0.41 0.95
Lifetime 2 3.92 +£2.75 412 + 3.48 0.72

Table 5.6: The average fluorescence intensity of a bi-exponential MuFLE model applied to
both cancerous and non-cancerous ex vivo lung tissue.

Cancerous intensity Non-cancerous intensity

[

(a.u.) (a.u.) pvalue
Intensity 1 0.40 4+ 0.13 0.43 +0.10 0.26
Intensity 2 0.15 £ 0.059 0.17 + 0.053 0.17

lowest relative Fl (average cancerous 0.15 + 0.059, average non-cancerous 0.17 4+ 0.053)
(see Table. 5.5 & Table. 5.6), aligning with the findings from the literature and with the 3
component samples. In addition, similarities in the emission profile in both elastin and the
group of longer FL flavins can be observed (see Fig. 5.3 E & G).

In summary, the FL components from the tissue data using MuFLE, significantly overlap in
both the spectral and temporal domain of the three distinct fluorophores anticipated to be
present following an excitation of 485nm. Note that a difference between FAD measured
benchside (with an average FL of 2.65ns £ 0.05) compared to the two anticipated lifetimes
of FAD present within tissue is observed. A difference between FAD measured in PBS in the
literature (2.5 ns-2.9ns [21]), with FAD present in tissue is also observed (see Table. 5.3).

Cancerous vs Non-Cancerous Component Assessment

Next, under the assumption that the individual components reflect the photo-physical prop-
erties from the same/similar biological origin, sample specific changes of the components
are investigated. Following the exponential regime (see section 5.2.5), 3 components are
observed in 8 paired cancerous and non-cancerous samples, and 2 components are observed
in 13 samples (see Table 5.1, blue highlights). A Welch’s t-tests is calculated between the
FL and average spectral Fl of the components from samples where a suitable number of
point-sampling measurements are collected. Differences with a p-value <0.05 are considered
significant (see appendix Table 7.1, Table 7.3, Table 7.4 & Table 7.5).
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A significant increase in one sample (sample 11) between the 2 longer FL components in the
cancerous and non-cancerous tissue following a tri-exponential MuFLE assessment can be
observed (p-value of 0.013 & 0.05)(see appendix Table 7.1). A significant difference between
sample 18 can be observed between the cancerous and non-cancerous tissue in the average
spectral Fl of the two components corresponding to the longer FL components following a
tri-exponential MuFLE assessment (p-value of <0.01 for both components is observed).

A significant increase in samples with 2 components, is observed between the FL of 3 cancer-
ous and non-cancerous samples: samples numbered 1, 3 and 18 (see appendix Table 7.4).
A significant decrease in sample number 15 and a significant increase in one component,
however, decrease in another component is observed in sample number 19 (see appendix
Table 7.4). In samples 1 and 3, the significant difference is observed from the component with
the longest FL, however, in samples 15, 18 and 19 the significant difference is observed from
both components. A significant difference is observed in the average spectral FI components
between the cancerous and non-cancerous tissue from samples 18 and 19 (see appendix
Table 7.5). A difference in both FI components is observed in sample 18, however, only a
significant difference from the component with the longest FL is observed in sample number
19. In summary, based on this data measured with the EP-TRFS device and MuFLE, no
single component contributes as definitively more significant in influencing the fluorescence
properties of tissue. The wide range of significance observed across components, in both the
FL and FI domains, emphasises the complementary roles these parameters play in detecting
tissue changes.

Un-mixing of tissue types

To assess whether the spectral and/or temporal profile of the unmixed fluorophores provides
greater insight into sample-specific changes, two histograms from two samples are compared
(sample 2 and sample 23). An overall increase in FL in the cancerous sample compared to the
non-cancerous sample is observed in sample 2 (average cancerous lifetime: 1.31 ns + 0.07,
average non-cancerous lifetime: 1.17ns £ 0.07). Comparable FI magnitudes, in contrast is
observed (average non-cancerous lifetime: 0.44 4+ 0.08, average cancerous lifetime: 0.49 +
0.07) (see Fig. 5.5 A). Furthermore, the shape of the SFL between the different sample types
is similar (see Fig. 5.5, B). When assessing the samples using a multi-exponential model two
specific alterations are observed, first, the relative concentration of the 3 components remains
similar between both the cancerous and non-cancerous samples (see Fig. 5.5 C). Second,
an increase by 0.34 ns between the 2" component (red) and 0.30 ns of the 3@ component
(green) in the cancerous sample, compared to the non-cancerous sample is observed (see
Fig. 5.5 D). We hypothesise that the increase of these specific FLs is contributing to the overall
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increase in the cancerous FL compared to the non-cancerous FL in this particular instance
(see Fig. 5.5 B & D). In addition, the SFL shape of these samples in the single component
model is comparable. We hypothesise that the similarity in the relative concentration of the
individual Fls is contributing to the similarity of the SFL shape (see Fig. 5.5 B & C).

Figure 5.5: The fluorescence intensity (FI) and fluorescence lifetime (FL) of the same
paired ex vivo clinically defined cancerous (dashed) and non-cancerous (solid line) samples,
measured using component variations of the Multichannel Fluorescence Lifetime Estimation
(MuFLE) model. The single exponential model extracts the average FI A) and the spectral
fluorescence lifetime B). The multi-exponential model estimate component specific FI C) and
corresponding fluorescence lifetime D).

Comparable FI magnitudes are observed in sample 23 (average cancerous Fl: 0.29 4+ 0.15,
average non-cancerous Fl: 0.38 + 0.15) (see Fig. 5.5 A). In addition, comparable average
FL values of the cancerous sample compared to the non-cancerous sample is also observed
(average cancerous lifetime: 1.33 ns £ 0.05, average non-cancerous lifetime: 1.32 ns £ 0.04)
(see Fig. 5.6 B). However, a different SFL shape in the cancerous sample compared to the
non-cancerous sample can be observed. Most notably, a peak at 600.99 nm is observed
in the cancerous sample and a peak at 552.03 nm observed in the non-cancerous sample
(see Fig. 5.6 B). When assessing the samples using a multi-exponential MuFLE model two
sample specific changes can be observed. First, the relative concentration of the 3 com-
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ponents between the sample types differs. Most prominently, a change in the relative Fl
of the 15t component (blue) can be observed (the Fl corresponding to the FL of 0.22ns).
Particularly, at 600 nm where it is observed to drop below the FI corresponding to elastin
(the FI corresponding to the FL of 0.90ns) (see Fig. 5.6 C). Second, the non-cancerous FL
values were higher in the individual components, compared to the cancerous sample (see
Fig. 5.6 D). We hypothesise that the changes in the relative concentration of the 3 components
contributes to the lack of difference between the average FL of the two samples. Furthermore,
we hypothesise that the peak in shape of the SFL of both samples is also influenced by the
relative concentration. In the cancerous sample a peak in the SFL is observed at 600 nm.
This is the spectral location where the Fl of the shortest FL is lower than FL corresponding
to the 2" component (red), contributing to the peak in the SFL (see Fig. 5.6 C & D). The
relative intensities of the 3 components in the non-cancerous sample are constant, therefore,
the peak in the SFL reflects the peak of the intensities from all components (i.e., at 552 nm).
These results align with the previous results from [41] and Chapter 4, highlighting the influence
of the relative concentration of specific fluorophores to both the average and shape of the SFL.

In summary, we show that when un-mixing in both the spectral and temporal domain, we
can potentially underpin the components effecting the overall fluorescence of a sample. We
observed that in specific cases, despite a similar average FL between the cancerous and non-
cancerous sample, a change in FLs between the specific components may still be present,
and, these changes are better identifiable when both spectral and temporal properties are
taken into consideration.

5.3.3 FLIM Data

Immediately following assessment on the EP-TRFS device, 3 paired ex vivo cancerous and
non-cancerous samples numbered 11, 15 and 16 (6 tissue samples in total) are analysed
using FLIM following formalin fixation and paraffin embedded onto 4 um slides. 4 fluorescence
components are observed from all but two tissue areas, where in these cases 3 components
are observed when measured on the FLIM (see section 5.2.4 & appendix Fig 7.9-7.14). The
shortest FL value of the components observed in the FLIM device is on average 0.41ns &
0.05 in the cancerous and 0.39ns £ 0.05 in the non-cancerous sample. This value aligns
with the FL measured on the EP-TRFS device of the same samples (see Fig. 5.7) and the
FL of protein bound FAD (see Table. 5.3). The average 2" component within the FLIM data
is 1.62ns £ 0.21 in the cancerous and 1.60ns + 0.25 in the non-cancerous. These values
are also similar to the FL of the 2" component measured on the EP-TRFS device and the
anticipated FL of elastin (see Table. 5.3). The average 3@ component within the FLIM data
is 4.47ns £+ 0.44 in the cancerous and 4.54ns £ 0.72 in the non-cancerous. This value
also aligns with the FL of the 3@ component measured on the EP-TRFS device and the
FL of the flavins group (protein un-bound FAD/FMN/riboflavin) (see Table. 5.3). The average
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Figure 5.6: The fluorescence intensity (FI) and fluorescence lifetime (FL) of the same
paired ex vivo clinically defined cancerous (dashed) and non-cancerous (filled) lung samples,
measured using exponential variations of the Multichannel Fluorescence Lifetime Estimation
(MuFLE) model. The average Fl is shown A) alongside the corresponding average spectral
fluorescence lifetime B). The same measurements assessed on the multi-exponential MuFLE
model are then compared. The FI of the individual components is shown C), compared to the
corresponding fluorescence lifetime values D).

4™ component within the FLIM data is the longest 12.16ns + 0.89 in the cancerous and
12.25ns + 1.76 in the non-cancerous sample. This value is not observed in the average FL
of tissue when measured on the EP-TRFS device, however, these values are similar to the
3@ component in the cancerous sample number 11 (FL of 10.25ns + 0.71) (see Fig. 5.7
A). This value also falls within the upper range of the group of flavins (protein un-bound
FAD/FMN/riboflavin), as estimated from the literature (see Table. 5.3).

When assessing sample specific FLIM compared to the EP-TRFS values, some discrepancy
is observed. First, when measured on the EP-TRFS device, 2 components are estimated from
all locations of sample 15. However, 4, and in two cases 3 components are estimated from the
FLIM device (see appendix Fig 7.12). In both sample types measured on the EP-TRFS device,
the highest Fl is observed in the compartment with the lowest FL, this matches the FI from
the components measured on the FLIM device. Moreover, in both tissue sample, the average
FL values of the first component when measured on the FLIM align with the 1%t average FL
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Figure 5.7: The fluorescence lifetime (FL) of Ex vivo lung samples clinically defined as
cancerous and non-cancerous measured on either a time resolved fluorescence spectroscopy
device (TRFS)(circles), and on a fluorescence lifetime imaging microscope (FLIM)(diamonds).
Paired samples from sample number 11 are shown in figures A) & B), paired samples from
sample number 15 are shown in figures C) & D), and paired samples from sample number 16
are shown in figures E) & F).

value measured on the EP-TRFS device (Cancerous FL is 0.48 ns + 0.03 in the FLIM device
and 0.50 ns 4+ 0.02 in the EP-TRFS device. Non-cancerous FL is 0.44 ns + 0.02 in the FLIM
device and 0.64 ns & 0.04 in the EP-TRFS device) (see Fig. 5.7 and Fig. 5.9). The FL from the
2"d component, when measured on the EP-TRFS in the non-cancerous sample is in between
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the range of the 24 and 3 component measured on the FLIM device (FL of component 2
is 3.48ns 4+ 0.16 on the EP-TRFS device. FL of component 2 is 1.80ns + 0.08 on the FLIM
device & the FL of component 3 is 4.92ns £ 0.23 on the FLIM device). In addition, due to
limitations in the sample size, only 1 location was measured on sample 16 on the EP-TRFS
device. Therefore, despite very similar FL values from both the cancerous and non-cancerous
components between the EP-TRFS device and FLIM device (see Fig. 5.7 and Fig. 5.9), the
sample size from the EP-TRFS device is limited.

The advantage of the FLIM analysis, although not applicable in vivo with this device, is the
assessment of fluorescence images of tissue at a cellular level. The initial FLIM measure-
ments had a larger pixel size and a lower spatial resolution (see appendix Figs. 7.3-7.8).
Therefore, to assess the location of the FL components in more detail, paired cancerous
and non-cancerous slides from sample 11 on the FLIM device with a smaller pixel size and
a higher spatial resolution are investigated (FLIM pixel sizes of 145.31 umx145.31 um) (see
section 5.2.4 for more detail) (see Fig. 5.8). A matching colour map is applied and the average
FL is assessed. In both samples, the 1¥ component with the shortest FL (estimated to be
protein bound FAD) is the brightest and present in the most image pixels. This value appears
to be present in cell like features (see Fig.5.8 non-cancerous sample’s white arrows). Clear
structural features from the 2" component (estimated to be elastin) are also visible in both
the cancerous and non-cancerous samples (see Fig.5.8 cancerous sample’s white arrows).

In summary, we show the fluorescence component values assessed using the FLIM device
on the same tissue, to be in agreement with some of the fluorescence components assessed
on the EP-TRFS device un-mixed using MuFLE. We also observe spatial areas of tissue
from both cancerous and non-cancerous samples to be dominant in either the 13!, shortest
FL component, or the 2" component which highlights clear structural features of tissue (see
Fig.5.8 white arrows).

5.4 Discussion

Current devices with the potential to measure FL in vivo typically assess the average FL
from channels with low wavelength bandwidth resolutions e.g., [126]. However, a comparative
understanding of the origin of total fluorescence from individual endogenous fluorophores is
complex and nuanced. Therefore, devices which measure fluorescence at a high-resolution
coupled with bespoke analysis tools, in both the spectral-temporal domain may provide ad-
ditional insights into the endogenous fluorophores. Our initial results show that using multi-
exponential MuFLE un-mixing, FL from ex vivo lung tissue separates into two or three com-
ponents in both the cancerous and non-cancerous paired tissue. When assessing the number
of components present in the tissue compared to the cancer type, a higher proportion of
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Figure 5.9: The fluorescence intensity (FI) of ex vivo lung samples clinically defined as
cancerous and non-cancerous measured on either a time resolved fluorescence spectroscopy
device (TRFS)(circles), and on a fluorescence lifetime imaging microscope (FLIM)(diamonds).
Paired samples from sample number 11 are shown in figures A) & B), paired samples from
sample number 15 are shown in figures C) & D), and paired samples from sample number 16
are shown in figures E) & F).

squamous cell carcinomas were found to contain 3 components, whereas more adenocar-
cinoma samples were found to contain 2 components (see Fig. 5.2). This observation may be
attributed to differences in the elastin compartment, often observed in adenocarcinoma, where
elastin can become damaged and fragment [81]. However, further experiments are required
to confirm this hypothesis. When assessing the ranges of the two and three components the
samples are split into, we observe the respective FLs to overlap with FLs expected from
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fluorophores that may be excited in tissue following an excitation wavelength of 485nm.
Specifically, FAD bound to protein, elastin and FAD unbound to protein/FNM/riboflavin. We
also observe overlap in the spectral region of these fluorophores when measured benchside
on the same device, and when measured on a plate reader (see Fig. 5.4).

Differences between the average FL and spectral Fl of individual cancerous and non- can-
cerous samples are assessed. In both samples with 2 and 3 components identified, statist-
ical significance is observed in some of either the FL and/or average spectral Fl from the
components. A significant difference in 2 samples (numbers 15 & 19) is observed between
their cancerous and non-cancerous SFL values (see section 4.3), however, not observed in
samples 1, 3, 11 or 18, suggesting the multi-exponential model may captures fluorophore
specific changes better between the tissue types.

Specific SFL and multi-exponential component changes between cancerous and non- can-
cerous samples are next compared in more detail (see section 5.3.2). In the first sample, we
observe a constant relative concentration of the 3 components, however, an increase in FL
of the 2" and 3™ components can be observed (which also match the FL of fluorophores
identified as elastin and protein un-bound FAD/FMN/riboflavin). These components appear
responsible for the overall average increase in the cancerous SFL compared to the non-
cancerous SFL. In the second sample, we observe no change in the average FL between the
non-cancerous and cancerous sample. However, we observe different SFL shapes between
the two samples. Furthermore, when assessing the individual components, we observe an
increase in FL between all components from the non-cancerous sample compared to the
cancerous sample. Moreover, we observe a change in the relative concentration of the 15t
component (which match the FL of protein bound FAD) in the cancerous sample compared
to the non-cancerous sample. This change, we observe, also influences the average FL,
therefore, despite a constant drop in all FL values of the components in the cancerous sample,
as the 1% component (matching protein bound FAD) drops in relative concentration, the overall
average FL is higher, counteracting a FL difference when only the averages are assessed (see
section 5.3.2). These results highlight the insights into the fluorescence properties of a sample
gained through high resolution assessments using models such as MuFLE. As the detailed
fluorescence information is lost when the average FL from marginalised histograms is only
considered.

We finally assess the same tissue when measured on the EP-TRFS and when measured
on the Leica STELLARIS Falcon FLIM confocal microscope. We observe that the first 3 (in
increasing order) FL components of the FLIM fall within a similar range of the components
of MuFLE when measured with the EP-TRFS device from the same samples (see Fig. 5.7).
However, a 4" component with a FL value of around 12ns measured on the FLIM device
can also be observed. This has the lowest Fl across the spatial sample. Therefore, given
a non-uniformity of the FL ranges across the field of view, and the difference in sampling
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size between the EP-TRFS and FLIM device, we rationalise this to be why a lifetime in the
highest range is not present in the results from the EP-TRFS device (the EP-TRFS device has
a smaller sampling area of <100 pum? compared to the FLIM microscopic filed of view (see
Fig.5.8)).

In addition, we observe spatial areas of these FL components when assessed on the FLIM
device, particularly from the 2" (red) component, to define distinct structural areas of the lung
(see Fig. 5.8). However, without further analysis, i.e., through additional biological techniques
such as immunohistochemistry (IHC), determining if these structural features are elastin re-
quires further analysis. Moreover, the FL particularly as estimated from protein bound FAD,
although aligning with the value of this fluorophore within the literature, due to the sensitivity of
FL to environmental features, also requires additional analysis, such as metabolic assessment
of the same samples. Therefore, additional experiments are required to confirm the presence
of individual fluorophores from the components which is something we save for future work.

There are several limitations in this study; a major limitation being the spectral width of
the optical setup and the number of fluorophores expected to be excited from an excitation
wavelength of 485 nm. An excitation within the UV range of 355 nm, for example, is likely to
excite more endogenous fluorophores. In addition, the spectral range of the device could be
enhanced to measure the emission peaks, this will allow a more comprehensive relative Fl
analysis to be made. Furthermore, the observed histograms generated from the EP-TRFS
are particularly noisy, which we hypothesise is due to spectral sensitivity, that is the different
sensitivity of detected photons within the individual SPADs [35]. These artefacts are not
accounted for within the MuFLE model which may be limiting the number of components
assessed reliably.

The final assumption within the device is that the components have a fixed spectral FL,
while in the context of biological systems, coupled with the sensitivity of FL, ascertaining
whether these signals are fixed and indeed originating from endogenous fluorophores alone is
difficult. By jointly comparing the lifetime and spectral properties of the individual components
from the sample, and of endogenous fluorophores when measured benchside, and of the
same samples measured on a FLIM device, in addition to comparing the spatial location of
these endogenous fluorophores using antibody staining (i.e., IHC which we save for future
work), we can increase the confidence that what we see is of biological relevance. These
results highlight the unprecedented biophysical detail between cancerous and non-cancerous
samples which may be possible when high resolution devices, coupled with bespoke analysis
models are applied to tissue data, improving both our understanding of AF, and of the diseased
tissue.
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5.5 Conclusion

In conclusion, we hypothesise that when using high resolution temporal-spectral EP-TRFS
devices, coupled with a bespoke analysis model used to assess both the spectral and tem-
poral components from the histograms, distinct endogenous fluorophores become recover-
able label-free. The results of this study show that the fluorescence of ex vivo lung com-
ponents when measured using a multi-exponential MuFLE model, match the fluorescence
of specific individual fluorophores when measured benchside. The results between specific
paired cancerous and non-cancerous samples show that the endogenous fluorophores and
their photo-physical properties responsible for changes (or lack of) between average FL from
different sample types is recoverable. Finally, the results also show these values are similar
in the same samples when measured using a FLIM device, allowing the spatial location of
individual fluorophores to be investigated. We show, for the first time, the temporal-spectral
and spatial identification of specific components label free match specific endogenous fluoro-
phores, un-mixing FAD bound to protein, elastin and FAD unbound to protein/FMN/riboflavin.
We collect the results using a fibre based device which can be used in vivo. Therefore, as
technology develops the certainty will continue to increase, whereby, the specific molecules,
label free, may be assessed and tracked in vivo, potentially increasing instantaneous TRFS
diagnostic certainty of the underlying tissue below.



Chapter 6

Outlook and Conclusion

LC is the leading cause of cancer related deaths world wide [3, 4], primarily attributed to a
high prevalence of late-stage detection. LC diagnosis often commences with an image based
assessment (i.e., a CT scan) followed by a biopsy, to excise tissue for histological and genetic
analysis [1]. Details from histological and genetic assessments, e.g., the tumour mutational
burden, act as biomarkers to identify patients suitable for targeted therapy [162]. However,
these results are not available instantaneously, only a subset of the tumour is sampled, and
can be indeterminate in early stage detection. Thus, there is a need for novel technologies
which enhance tissue diagnostic certainty, provide real-time clinical insights, and enable an in
vivo tissue assessment.

Fiber based TRFS devices, capable of simultaneously exciting multiple endogenous fluoro-
phores, have the potential to enhance in vivo diagnostic accuracy. These devices not only
measure a tissue’s metabolic and structural composition but also assess its environmental
changes. Therefore, the inherent sensitivity of tissue AF to metabolic, structural, and envir-
onmental change offers a label-free advantage. Coupled with innovative data analysis meth-
ods, these devices present an opportunity providing highly sensitive biological information
instantaneously, improving clinical decision-making in vivo. Additionally, optical setups offer
the advantage of characterising an entire tumor, including its vasculature and environment, a
capability that traditional biopsies may lack.

Biologically, under the assumption that endogenous fluorophores excited in the visible light re-
gion predominate from structural (i.e., originating from the the extra cellular matrix) and meta-
bolic proteins (specifically FAD and NAD(P)H), the deregulation of these functions, and alter-
ations to their environment within cancer provide the photo-physical discrimination between
cancerous and non-cancerous tissue [86]. FL provides a fluorophore-specific metric, enhan-
cing the sensitivity of Fl based assessments. This advantage becomes particularly evident
in studies investigating tissue, where FL has been found to effectively discriminate between
cancerous and non-cancerous tissue from ex vivo and in vivo samples (see Table 1.1). How-
ever, whilst these time-resolved devices are optimised for rapid data collection, they often
either measure fluorescence in low wavelength bandwidth resolution channels (i.e., [139]) or,
if multiple spectral decay channels are collected, decays are often amalgamated into one
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(i.e., [141]). Consequently, detailed spectral information regarding the fluorescence decay
properties of the underlying endogenous fluorophores is overlooked. Given the influence of in-
dividual endogenous fluorophores and environmental changes to tissue AF, this thesis aimed
to develop computational tools for characterising fluorescence across numerous wavelength
channels with high bandwidth resolution. This thesis then aimed to assess whether these
computational tools improve our understanding of the photo-physical properties of tissue,
thereby enhancing the differentiation between cancerous and non-cancerous ex vivo lung
tissue.

6.1 Results and Key Findings

The key result of this thesis is the development of MuFLE, a computational tool capable of
characterising both the Fl and corresponding FL across the emission spectrum (see Chapter
3.1) [47]. This tool utilises non-parametric cubic B-splines in the spectral domain to estim-
ate emission spectra and cubic B-splines, linear, or fixed values in the temporal domain
to estimate (spectral) FL. The results underscore the ability of high-resolution devices to
fully exploit spectral information, enabling the concurrent characterisation of an emission
spectrum, typically estimated from a spectrometer, and corresponding FL, as well as FL
changes across the spectrum, using the same device. This chapter highlights MuFLE when
used in a single-exponential mode, provides insight into changes in the SFL of a sample [47,
see Fig. 4 A-D]. Showing the SFL of mixed exogenous fluorophores captures the FL from
both fluorophores, information which is not observed in the emission spectrum, thus providing
additional fluorescence insight [47, see Fig. 4 A-D]. This chapter finally highlights MuFLE
when used in a bi-exponential mode, to un-mix two fluorophores from a mixed sample sim-
ultaneously and accurately. The emission spectrum reference, including the spectral location
of the emission peak, offers additional assurances that the subsequent FL from the mixed
sample corresponds to that specific fluorophore [47, see Fig. 4 E-H].

Nuanced insights into fluorescence properties are next determined through analysis of the
SFL of mixed samples [41]. Initially, simulated data was utilised to control fluorescence prop-
erties relating to the individual fluorophores (both the emission shape and FL value) and
gauge the sensitivity of SFL. Modulating the proportion of simulated fluorophores revealed
alterations in SFL shape, while the emission spectra remained relatively stable [41, see Fig. 3].
Extrapolating these findings to endogenous fluorophores measured benchside, independent
of environmental influences, reveals that the SFL shape was modulated by the relative propor-
tions of the individual fluorophores (i.e., when changing their molar concentrations), while the
emission spectra remained largely unaffected [41, see Fig. 4]. These results highlight biolo-
gically relevant information provided by SFL pertaining to individual endogenous fluorophores
within mixed samples. A feature not captured in the emission spectrum, or when FL data is
aggregated into individual decays with large wavelength bandwidth resolutions.
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The SFL was evaluated in paired ex vivo clinically labeled cancerous and non-cancerous lung
samples. To statistically analyse both the magnitude and shape of the SFL across different
tissue types, a Procrustes analysis was conducted on the cancerous and non-cancerous
samples. A marginally larger median Procrustes disparity was observed among all cancer-
ous samples (0.159) compared to the non-cancerous samples (0.076), suggesting greater
variation in both magnitude and shape of the SFL in cancerous samples. Upon assessing the
individual sample-specific SFL disparity, 2 samples exhibited a greater median disparity in the
cancerous SFL (0.99 and 0.77) compared to their non-cancerous counterparts (0.122 and
0.058) [41, see Fig. 7]. However, when aggregating their FL values into two broad spectral
channels, no significant difference was observed [41, see supplementary Table. 5]. These
findings highlight the relevance of investigating changes to the FL across the emission spec-
trum in tissue samples. Taken together with SFL results on fluorophores measured benchside,
this suggests that due to an increase in the deregulation of tissue in diseased settings, the
relative proportion of endogenous fluorophores, and their environmental factors, may also
contribute to the overall FL value. Moreover, the results suggest that with a larger sample
size, the SFL metric may offer an alternative photo-physical assessment of the underlying
fluorophores excited, and consequently, of the tissue’s disease status.

While SFL allows the characterisation of FL variation spectrally, indicating changes to the
relative proportion of the underlying endogenous fluorophores without requiring any a priori
information, MuFLE can also be implemented in a multi-exponential mode to estimate the
actual spectra and respective FL of individual components. Therefore, this multi-exponential
mode was applied to tissue. First, results from the multi-component MuFLE matched the
expected values in both spectral and temporal domains of fluorophores expected to be excited
in tissue (see Fig. 5.4). To further validate these results matching samples measured on the
EP-TRFS device were assessed using an alternative commercial FLIM confocal microscopy
method. Both the relative concentration of un-mixed profiles and the FL values of the same
samples measured on the FLIM system, matched the values estimated with MuFLE (see
Fig. 5.7 & see Fig. 5.9). The preliminary results show similarities of the unmixed MuFLE
components of tissue to individual endogenous fluorophores expected from the literature, in
addition to the results of the same samples measured on the FLIM system, highlighting a
robustness of the multi exponential MuFLE model when applied in tissue. Moreover, the FLIM
confocal allows the spatial location of the FL values to be assessed, highlighting particular
structural components of tissue with the FL which matches the expected value of elastin
(see Fig. 5.8). Taken together these results show MuFLE un-mixing values matching spe-
cific endogenous fluorophores in tissue, providing the spectral emission value in addition to
the corresponding FL values. Moreover, MUFLE is employed on a device which has in vivo
capabilities, suggesting after further fluorophore specific characterisation of these un-mixed
compartments, un-mixing endogenous fluorophores label free in tissue may be possible.
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The final key finding from the results of this thesis highlight how optical changes observed

in un-mixed compartments contributes to the overall average FL value. Un-mixing individual

fluorophores/decay components within histograms from tissue reveals two distinct character-
istics:

1. In samples where the shape of the SFL remains similar, but a difference in magnitude is
observed, similar relative concentrations of the underlying components exist. However,
changes in the overall FL of the individual components contributes to the change in the
magnitude of the SFL (see Fig 5.5).

2. In samples where the magnitude of the SFL overlaps but the shape of the SFL differs,
the multi-exponential assessment reveals that changes in the proportions of the com-
ponents, influence the FL values, even when the FL of the underlying fluorophores
are different (see Fig 5.6). These features are also something we observed when
fluorophores were mixed benchside and the SFL shapes assessed [41].

In the former example, the average FL value aggregated across the emission spectrum differs
between sample types. In the latter example, the average FL value aggregated across the
emission spectrum overlaps in both sample types, despite changes in the FL of the un-
mixed components. These results indicate that for diagnostic purposes, a quick contrast
based FL assessment between tissue types may not provide sufficient information relating
to the biological properties of a sample. However, given the range of biological and clinical
implications specific endogenous fluorophores provide, these results demonstrate how high
resolution TRFS has the potential to offer unprecedented clinical information in vivo and
instantaneously.

6.2 Towards Clinical Translation

To realise the potential of this device and analytical methods for clinical translation, differ-
ent research avenues may be explored further. The major disadvantage of an endogenous
fluorophore based tissue assessment is the lack of specificity. For example, the FL of FAD
bound or unbound to protein changes. FAD may however be bound to a number of different
flavoproteins, e.g., Acyl-CoA oxidase or complex Il, which have different functions in different
cellular processes [163]. Understanding the origin of this fluorescence signal may not be
possible from a global fluorescence analysis, or if the average fluorescence from tissue is
assessed. This is clinically and biologically relevant due to complications with false positive
diagnoses, as problematic with PET scans. Here PET signals indicating an increase in gly-
colysis suggesting the presence of a malignancy may actually originate from infection related
inflammation [164, 165]. To enhance the specificity and potentially offer an optical alternative,
a deeper understanding of the origin of the fluorescence signal may assist this. Therefore,
the use of high-resolution fluorescence devices, and analysis tools optimised to extract a true
reference profile of the underlying signal may enhance the specificity of fluorescence data.
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As discussed in Section 1.6.11, current optical redox ratios primarily rely on the ratio of protein
bound and unbound FAD and NAD(P)H to provide insights into tissue redox potential. Redox,
which signifies the balance between oxidation and reduction processes within cells, provides
valuable information regarding tissue oxidative stress [122]. Redox biology constitutes a com-
prehensive subfield, encompassing intricate interactions influenced by various factors such as
the metabolic profile of the cell, levels of cellular apoptosis, genomic instability, and regulation
of transcription factors like NFxB [156, 166, 123]. On the other hand, the expression and
efficiency of antioxidant proteins such as superoxide dismutase also influences the redox
balance of the cell [167]. In addition to the influence of the mitochondrial activity of cells, and
therefore their metabolic profile (i.e., favouring glycolytic or OXPHOS), a fluorescence metric
indicating levels of oxidative stress in tissue may, therefore, be very valuable. However, the
calculation of the optical redox ratio has been challenged. Most recently for failing to consider
alternative fluorophores (i.e., FMN) within its calculation [110]. Optical redox calculations typ-
ically originate from bi-exponential fluorescence analysis of channels with broad wavelength
bandwidth resolutions. Yet, without considering environmental factors and other fluorophores
emitting within the same emission channel, these calculations risk misinterpretation. The
findings of this thesis suggest that analysing broad channels alone may oversimplify the
photo-physical information provided by AF. Therefore, extending this research to the redox
field could enhance confidence in accurately identifying the relevant fluorophores and their
corresponding emission spectra in redox ratio assessments. Extending this research may also
shed light into the complexity of both Redox and photo-physical properties of tissue, therefore,
providing information that is even more biologically relevant than a general redox state current
optical redox ratios allow.

The final clinical direction of time domain devices may stem from both the standardisation of
these devices and the comparative assessment of measurements applied to various organs
and tissue types. A recent study introduces a classification model that incorporates anatomical
FL values in head and neck cancer identification, specifically the base of the tongue, the
oral tongue and the palatine tonsil. The inclusion of these features was found to enhance
tumour classification [168]. Moreover, as shown in [41, Table 1], The FL of different cancer
types has been found to either increase, decrease, or both increase/decrease from cancer
of different origins. Moreover, as discussed FL can be used as a metabolic and structural
indicator. Complementary to this is an opinion within cancer biology that cancer diagnosis
based on the tissue of origin, i.e., lung cancer vs cervical cancer, may limit the patients
treatment options and stratification [169]. A diagnosis based on tumour metabolic/genetic
deregulation may guide treatment selection, potentially improving survival outcomes. E.g.,
genetic alterations in neurotrophic tropomyosin receptor kinase have been targeted in clinical
trials, showing efficacy irrespective of the tumour origin [169, 170]. Current research of FL
assessed to examine cancerous compared to hon-cancerous tissue assesses tumours/tissue



6.2. Towards Clinical Translation 132

by site of origin. Therefore, analysing the photo-physical properties regardless of the site of
origin, i.e., by pooling data from multiple different organ types, additional optical diagnostic
features may be revealed. However, current FL assessments of tumours also use different
optical setups. Therefore, to conduct these experiments device standardisation’s are required.

6.3 Limitations and Future Work

6.3.1 Device Limitations

The optical setup of the device used in this thesis presents a significant limitation to its clinical
readiness, primarily due to the speed of data collection. Currently, the TCSPC mode gathers
data in approximately 0.2 s, depending on the exposure time and the number of line iterations
recorded. However, HistMode, at the expense of temporal resolution, is optimised for higher-
speed data collection. Therefore, investigations aimed at determining the optimal temporal
and spectral resolutions to capture accurate TRES while improving data collection speeds
are likely to be beneficial.

An additional optical limitation that, if addressed, holds the potential to enhance the diagnostic
capabilities of the device is the modification of the excitation wavelength/optics. Currently,
with the existing optical setup, the wavelength emission range of Ra-1l spans from 470 nm to
720 nm. However, when a sample is excited at 485 nm to prevent excitation light from entering
the detector, the available emission range is narrowed to 512nm-720 nm. Furthermore, the
spectral range used to assess samples in this thesis, limited by the choice of the IRF, is from
550 nm to 630 nm.

As demonstrated in this thesis, two key findings emerge: first, utilising photo-physical informa-
tion from only 30 % of the available channels of the spectrometer enhances the photo-physical
information of samples; second, an excitation wavelength that is not optimized to collect a
large number of endogenous fluorophores still provides valuable photo-physical insights into
the AF of tissue. Therefore, adjustments to this setup, such as exciting samples at 400 nm,
along with alterations to the excitation and emission filters, lenses, and grating, to detect
emission in all Ra-1l channels from 470 nm-720 nm, would enable the detection of emission
from NAD(P)H, collagen, and porphyrins, in addition to flavins and elastin (see Fig. 1.6).

The limitation of the spectral range analysed in this thesis is attributed to the exogenous
fluorophore used to measure the IRF. This is a significant limitation, particularly in the as-
sessment of the detection of flavins and other components extracted in the un-mixing section.
The emission peaks of flavin and elastin differ, with the anticipated emission peak of flavins at
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around 550 nm [64]. Thus, even with a shift in the IRF to accurately record decay from 520 nm,
the distinction between the peaks of components originating from flavins compared to elastin
may be discernible. Expanding the range of fluorophores to estimate the IRF across different
spectral ranges would assist this.

Furthermore, if alterations are made to the optical setup, the issue of IRF measurement
persists. Therefore, exploring alternative computational tools that allow for the estimation of
fluorescence decays without requiring a measured IRF, such as inverse ML models, may
be worthwhile [51]. Incorporating these approaches and utilising the total number of Ra-
Il channels in the analysis process could enable not only the assessment of fluorescence
changes in collagen and porphyrins but also a multi-spectral redox calculation from NAD(P)H
and FAD, guided by their total emission spectra and FL. This tool could be biologically and
clinically powerful, given the implications discussed.

The features of MuFLE which estimate variations within the detector which do not originate
from the fluorescence of a sample are limited to capture both the dark count rates present
within the bias term, which in itself may be a limitation, and the IRF. A major component
observed within the measured TRES histograms is the spectral sensitivity. This feature is
anticipated to originate from different sensitivities of pixels in adjacent channels. When MuFLE
is applied, spectral sensitivity is integrated into the spectral emission of MUFLE as a smooth
feature attribute by the used of B-splines across the spectral range is determined, which
includes the average spectral sensitivity of all channels. However, if spectral sensitivity is
accounted for, the spectrum analysed from the model will theoretically originate only from the
spectra of the underlying fluorophores. Although this aspect was addressed in an alternative
model developed (results not shown), convergence issues prevented accurate results. An
analytical tool that incorporates this feature may extend the number of possible fluorophores
un-mixed by capturing the complete emission spectrum, thus facilitating FL convergence. Im-
provement to the spectral sensitivity incorporation within the analysis model is something we
save for future work. Ultimately TRES from the in-house device is inherently noisy, particularly
when tissue is measured. Therefore, computational work to address as many features of the
noise as possible make accurate estimations of the underlying fluorescence possible.

6.3.2 Computational Limitations

Computational limitations to MuFLE also exist which can be improved upon. The underlying
feature of MuFLE is the non-parametric B-splines estimating photo-physical changes across
the spectrum. MuUFLE is sensitive to initialisation parameters, due potentially to many local
minima within the optimiser, therefore better optimisation tools should be explored. The spec-
tral profile of endogenous fluorophores have been well characterised within the literature,
therefore, functions more specific to these characteristics, such as a Gaussian or skewed
Gaussian, may contribute to a more precise analysis. An additional, major limitation to the
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computational model is in its inefficiency, in addition to a measured IRF required in the
deconvolution element of the model further limiting its speed. This ultimately limits its clinical
translation, preventing instantaneous analysis of the TRES. Alternative studies have shown
inverse ML models are significantly quicker than curve fitting approaches [51]. These models
have also been shown to estimate accurate FLs without the requirement of an IRF, this may
be a further benefit if the device was adapted to collect emission from an excitation of 400 nm.
However, this is also something we save for future work.

The final limitation of the results presented in this thesis exist in the application of the multi-
exponential mode of MuFLE to tissue data. Using TRES alone to detect fluorophore-specific
changes in unlabeled tissue is complex due to the ambiguity from components originating
from various unknown sources. The sensitivity of FL and emission spectra to multiple factors,
combined with the complexity of protein components and environmental variations in tissue,
complicates the identification of specific fluorophores. Therefore, definitively attributing a com-
ponent to a specific fluorophore remains a challenging task, presenting a significant limitation
to the hypothesis of this final chapter. Limitations to the experimental design of the final
chapter also arise from the assumption that only three groups of fluorophores are emitting
within the TRES of tissue. It is assumed that the individual fluorophores within the longest
FL component cannot be un-mixed due to their low brightness. Further experimental results,
possibly including simulated data, are needed to determine the un-mixing computational limit
of MuFLE on TRES. This aspect is saved for future work.

6.3.3 Data Collection Limitations

Despite the use of a high resolution spectral temporal device, the majority of the photo-
physical properties of clinically defined cancerous and non-cancerous tissue samples as-
sessed in this thesis, following excitation at 485 nm was not found to be statistically significant
due potentially to large heterogeneity. Paired cancerous and non-cancerous ex vivo samples
following lobectomy examined in this thesis are examined using the fibre based EP-TRFS
device exciting an area <100um? per point-based measurement. Characterising tumours
based on such a small subset of tissue, especially considering the fluorescence sensitivity
to various factors, may contribute to the substantial heterogeneity observed within the data.
Moreover, the use of EP-TRFS alone captures no additional features of the tissue beyond this
small field of view. Consequently, in the absence of an imaging parameter or an alternative
reference tool in vivo, determining the cellular origin of the fluorescence and identifying tissue
structural elements becomes challenging.
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A significant assumption underlying the tissue analysis is that all samples clinically labeled
as cancerous are cancerous, and conversely, all samples labeled as non-cancerous/normal
are normal. However, this assumption introduces potential complexities into the outcomes.
Firstly, cancerous samples may include tumor margins, which have been found to exhibit
photo-physical differences from the tumour itself (e.g., [133]). Additionally, certain areas within
cancerous tissue may possess more normal features than the tumour itself.

Furthermore, considering the tissue-level changes or even changes at the cellular level (as-
suming a cancer cell is approximately 10 um wide), and accounting for the heterogeneity within
tumors, both identifying a tumor-specific FAD change and discerning its origin (whether due to
factors such as pH, known for its high sensitivity, or oxygenation) becomes a complex task that
necessitates further investigation. Therefore, in addition to collecting an increased number
of point samples of each tissue measured, the use of multi-modal technologies, including
technologies with an imaging parameter may also enhance the specificity and reduce the
heterogeneity. However, this is something we save for future work.

It is also essential to note that all samples assessed in this study were ex vivo. Some re-
search suggests differences in fluorescence properties between in vivo and ex vivo samples
[136, Fig. 3]. Factors such as temperature, oxygenation, pH, vascularization, and breathing
patterns of the human lung are likely to influence photo-physical properties differently in in
vivo conditions. Therefore, utilising systems that mimic in vivo conditions, such as the Ex Vivo
Lung Perfusion system, may yield altered results. This aspect is something we save for future
work.

None the less, to enhance confidence in identifying specific fluorophores, additional experi-
ments are required. In addition to collecting more samples, one approach proposed involves
correlating the expected structural components identified from MuFLE, anticipated to repres-
ent elastin, with IHC experiments. These experiments tag antibody specific epitopes of elastin
followed by antibody specific staining, allowing the spatial location of these structural com-
ponents to be compared to confirm whether they are elastin. Alternatively for the fluorophores
anticipated to match bound or unbound FAD, it has been shown that either in OXPHOS or
glycolysis, the ratios of protein bound to FAD changes. Therefore, an additional experiment
to alter the metabolic processes of measured tissue may allow FAD specific changes to
be detected by MuFLE. Subsequent adjustments to components expected to originate from
FAD may suggest these are FAD. However, extrapolating both these experiments in in vivo
tissue and avoiding false positives remains complex. Therefore, further additional structural
and metabolic experiments may be required, these are something we save for future work.
However, determining these features from these experiments may already improve on the
specificity of the components.



6.4. Conclusion 136

6.4 Conclusion

This thesis first describes the high death rates of patients with LC and a lack of diagnostic
devices that provide tissue specific certainty to LC in vivo detection. FS has potential to
improve on the current diagnostic technologies, however, a lack of specificity may limit the
clinical translation of the device.

The innovative potential of this thesis originates predominantly in the availability of the EP-
TRFS device. Although currently limited in data collection speed, this device enables a com-
prehensive, high resolution, spectral-temporal assessment of a sample’s fluorescence. Over-
coming the resolution disadvantages of previous time-resolved fluorescence devices used to

measure tissue fluorescence.

This thesis highlights the advantages of assessing AF at a higher resolution and across the
wavelength spectrum, illustrating the importance of fluorophore specific analysis. A prelimin-
ary model capable of capturing high-resolution fluorescence data simultaneously is presented.
Subsequently, the application of this model to evaluate both cancerous and non-cancerous
samples is demonstrated, culminating in the spectral-temporal un-mixing of label-free fluoro-
phores. This process potentially allows for the identification of fluorophore-specific alterations
in cancerous tissue compared to non-cancerous tissue.

If MUFLE is adjusted to simultaneously un-mix a higher number of endogenous fluorophores
in both the temporal and spectral range, it could further enhance specificity and deepen
our understanding of the photo-physical changes observed between cancerous and non-
cancerous lung tissue. Consequently, this may lead to precise tracking of their presence and
environmental changes ex vivo and even in vivo, thereby facilitating better tissue classifica-
tions.

With further advancements these technologies hold the potential to offer instantaneous in vivo
assessments of tissue akin to current histology methods. This unprecedented information may
allow medical professionals to make better informed diagnostic and prognostic decisions, with
the ultimate goal of improving survival rates of LC patients.
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Figure 7.1: Ex vivo clinically defined as cancerous (red) and non-cancerous (green) samples
are measured on the extensively parallel time-resolved fluorescence spectroscopy device
and analysed using component (or exponential) variations of the Multichannel Fluorescence
Lifetime Estimation made model. The residual variance is plotted of the different components
used for analysis.
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7.2 Simulated Data

Simulated data was used to assess whether MuFLE could resolve multi-component histo-
grams. In the first instance we use a histogram with difference emission and lifetime values.
In the second instance we used histograms matching the estimated spectral intensity and
spectral fluorescence lifetime of endogenous fluorophores within tissue.

In previous studies (see Fig. 4 [47]), we show using reference exogenous fluorophores the
MuFLE model is able to accurately un-mix in both the spectral and temporal domain two fluoro-
phores. To validate the accuracy of un-mixing 3 fluorophores with varying spectral temporal
ranges and assess the limitation of MuFLE, we first use simulated data, with a temporal res-
olution of 0.05ns and in 160 spectral channels to match our experimental set up. A selection
of hypothetical fluorophores were simulated using the model described in 5.5, from a range
of both intensity and lifetime values. Hyperbolic, exponential and quadratic functions were
used to model the emission i.e., y[p], of the underlying simulated fluorophores. The lifetime
at each wavelength for the individual fluorophores was simulated to be fixed i.e., T[m] = 7.
The underlying fluorescence histograms were then summed together and convolved with a
simulated instrument response function (IRF) to create the observed histogram. The IRF was
simulated with a lifetime of 0.378 ns (matching the lifetime of the measured IRF). In addition,
following convolution, the simulated intensity at each temporal channel was perturbed using
Poisson noise.
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Figure 7.2: Simulated data showing using 2 different histograms, a multi-exponential MuFLE
model un-mixing 3 individual fluorophores in both the spectral and temporal range. The ground
truths of each fluorophore is depicted in the blue intensity and the blue ticks.
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7.3 EP-TRFS Sample Specific Components
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Table 7.1: Paired cancerous and non-cancerous ex vivo tissue samples with a tri-exponential
MuFLE model fitted. T-tests conducted on the fluorescence lifetime values.

Sample label Cancerous Non-cancerous p value Cancerous Non-cancerous p value Cancerous Non-cancerous p value
lifetime 1 (ns) lifetime 1 (ns) lifetime 2 (ns) lifetime 2 (ns) lifetime 3 (ns) lifetime 3 (ns)
2 0.31 +/- 0.06 0.25 +/- 0.012 0.29 1.37 +/- 0.25 1.25 +/- 0.072 0.57 4.41 +/- 0.49 4.54 +/-0.16 0.74
6 0.18 +/-0.018 0.12 +/- 0.016 0.098 1.04 +/- 0.079 0.96 +/- 0.089 0.52 4.023 +/-0.24  4.064 +/- 0.097 0.85
9 0.15 +/- 0.025 0.13 +/- 0.022 0.41 0.89 +/- 0.24 0.935 +/- 0.099 0.85 3.51 +/- 0.67 3.88 +/- 0.24 0.52
10 0.144 +/-0.031  0.181 +/-0.018  0.234  1.014+/-0.137 1.128 +/-0.0438 0.363  4.302 +/- 0.3538 4.516 +/-0.359  0.581
11 0.46 +/- 0.0018 0.33 +/- 0.043 0.054 2.33 +/- 0.020 1.67 +/-0.12 0.013 10.25 +/- 0.71 6.071 +/- 0.58 0.05
18 0.410 +/- 0.057 0.16 +/- 0.043 0.12 1.62 +/-0.14 0.86 +/- 0.099 0.10 4.60 +/- 0.18 3.61 +/-0.15 0.09
21 0.213 +/- 0.0415 0.163 +/-0.0333  0.227 0.894 +/-0.1517  0.841 +/-0.115  0.675  3.492 +/-0.182 3.663 +/-0.158  0.314
23 0.29 +/- 0.095 0.41 +/- 0.034 0.19 1.11 +/-0.37 1.56 +/- 0.12 0.23 3.88 +/- 0.58 4.56 +/- 0.22 0.24

Table 7.2: EP-TRFS average
compared using a t-test.

lifetime components fitted using a bi-exponential model and

Average Average Average
lifetime 1 (ns) lifetime 2 (ns) lifetime 3 (ns)
Cancerous 0.27+0.11 1.23+0.42 4.404+1.77
Non-cancerous 0.2340.11 1.09+0.39 4.154+1.41
p-value 0.03 0.07 0.41

Table 7.3: Paired cancerous and non-cancerous ex vivo tissue samples with a tri-exponential
MuFLE model fitted. T-tests conducted on the fluorescence intensity values.

Sample Iabel Cancerous Non-cancerous p value Cancerous Non-cancerous p value Cancerous Non-cancerous p value
Intensity 1 (au) Intensity 1 (au) Intensity 2 (au)  Intensity 2 (au) Intensity 3 (au) Intensity 3 (au)
2 0.41 +/- 0.029 0.44 +/- 0.08 0.61 0.20 +/-0.010  0.19 +/- 0.015 0.42  0.075+/-0.0036 0.075 +/-0.0083  0.95
6 0.36 +/- 0.030  0.37 +/- 0.059 0.82 0.30 +/- 0.033  0.22 +/-0.014  0.083 0.19 +/- 0.046 0.14 +/- 0.0015 0.29
9 0.49 +/- 0.039  0.45 +/- 0.024 0.32 0.16 +/- 0.018  0.20 +/- 0.0071 0.10 0.061 +/-0.014  0.088 +/- 0.0095  0.097
10 0.40 +/- 0.066  0.41 +/- 0.039 0.87 0.23 +/-0.0053 0.27 +/- 0.035 0.27 0.12 +/- 0.018 0.15 +/- 0.04 0.48
11 0.40 +/- 0.014  0.42 +/- 0.022 0.50 0.16 +/-0.0064 0.17 +/- 0.020 0.74  0.024 +/- 0.0024  0.044 +/- 0.012 0.14
18 0.28 +/- 0.001 0.31 +/- 0.03 0.078 0.14 +/-0.0067 0.24 +/-0.026  <0.01  0.085 +/- 0.0057  0.17 +/- 0.028 <0.01
23 0.24 +/- 0.044 0.32 +/- 0.03 0.11 0.16 +/- 0.0097 0.15+/-0.0099  0.51 0.095 +/- 0.014  0.083 +/- 0.013 0.36

Table 7.4: Paired cancerous and non-cancerous ex vivo tissue samples with a bi-exponential
MuFLE model fitted. T-tests conducted on the fluorescence lifetime values.

Sample label .Ca.ncerous Ngn-pancerous b value .Ca.ncerous Ngn-f:ancerous o value
Lifetime 1 (ns) Lifetime 1 (ns) Lifetime 2 (ns)  Lifetime 2 (ns)

1 0.23 +/- 0.0055 0.15 +/- 0.030 0.055 2.89 +/-0.061  2.59 +/- 0.096 0.05
3 0.95 +/-0.18 0.84 +/- 0.084 0.50 5.13 +/- 0.30 4.21 +/-0.240  0.032
4 1.81 +/- 0.056 1.88 +/- 0.034 0.39 15.67 +/-0.72  16.80 +/- 0.39 0.33
5 0.24 +/- 0.012 0.24 +/- 0.017 0.94 2.60 +/- 0.058  2.58 +/- 0.030 0.83
7 1.21 +/-0.27 1.50 +/- 0.12 0.47 8.75 +/-1.18 14.08 +/- 0.97  0.077
13 0.99 +/- 0.075 0.90 +/- 0.0096 0.11 4.82 +/- 0.40 4.52 +/- 0.24 0.44
14 0.90 +/- 0.18 0.93 +/- 0.014 0.85 4.18 +/- 0.36 4.36 +/- 0.091 0.57
15 0.50 +/- 0.025 0.64 +/- 0.048 0.064 2.80+/-0.042 3.46+/-0.175 <0.01
18 0.55 +/- 0.042 0.35 +/- 0.080 0.002  3.28 +/- 0.053 2.88 +/-0.12 <0.01
19 0.12 +/- 0.005 0.22 +/- 0.024 0.02 2.29 +/-0.037 2.67 +/-0.092 0.017
21 0.264 +/- 0.0419 0.288 +/-0.0178 0.426 2.343 +/-0.339 2.765 +/- 0.094 0.117
22 0.26 +/- 0.039 0.30 +/- 0.031 0.19 2.75 +/- 0.11 2.85 +/- 0.097 0.31
23 0.52 +/- 0.061 0.50 +/- 0.061 0.79 3.082 +/- 0.12 3.13 +/-0.22 0.77
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Table 7.5: Paired cancerous and non-cancerous ex vivo tissue samples with a bi-exponential
MuFLE model fitted. T-tests conducted on the fluorescence intensity values.

Sample label Car?cerous Non-gancerous b value Car?cerous Non-gancerous o value
Intensity 1 (a.u.) Intensity 1 (a.u.) Intensity 2 (a.u.) Intensity 2 (a.u.)

1 0.50 +/- 0.0068 0.63 +/- 0.076 0.14 0.23 +/- 0.0037  0.25 +/- 0.0016 0.11
3 0.38 +/- 0.039 0.35 +/- 0.0058 0.45 0.069 +/- 0.022  0.11 +/-0.0055  0.084
4 0.29 +/- 0.0093 0.33 +/- 0.024 0.12 0.044 +/- 0.001  0.049 +/- 0.0041 0.22
5 0.50 +/- 0.0060 0.48 +/- 0.021 0.39 0.20 +/- 0.010 0.21 +/- 0.0071 0.39
7 0.40 +/- 0.016 0.33 +/- 0.027 0.083  0.053 +/-0.010  0.049 +/- 0.0031 0.75
13 0.32 +/- 0.028 0.38 +/- 0.013 0.058 0.085 +/-0.0029  0.11 +/- 0.029 0.47
14 0.30 +/- 0.037 0.35 +/- 0.018 0.24 0.10 +/- 0.010 0.13 +/- 0.007 0.058
15 0.47 +/- 0.016 0.40 +/- 0.040 0.084 0.22 +/- 0.015 0.16 +/- 0.010 0.14
18 0.31 +/- 0.018 0.42 +/- 0.036 0.001 0.17 +/- 0.011 0.24 +/- 0.012 <0.01
19 0.82 +/- 0.018 0.55 +/- 0.053 0.01 0.24 +/- 0.026 0.23 +/- 0.0091 0.70
22 0.35 +/- 0.038 0.33 +/- 0.019 0.24 0.18 +/- 0.015 0.16 +/- 0.0097  0.074
23 0.34 +/- 0.019 0.39 +/- 0.051 0.18 0.16 +/- 0.023 0.16 +/- 0.014 0.96

7.4 EP-TRFS vs FLIM Plots
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Table 7.6: Fluorescence intensity of lung tissue analysed on a FLIM confocal microscope.
Comparisons are drawn using a t-test.

Cancerous Non-cancerous Cancerous Non-cancerous Cancerous Non-cancerous

Sample Amplitude 1 (a.u.) Amplitude 1 (a.u.) p-value Amplitude 2 (a.u.) Amplitude 2 (a.u.) p-value Amplitude 3 (a.u.) Amplitude 3 (a.u.) p-value
30 186.9344+95.2 78.5751+48.78 0.018 140.075+63.54 54.548+32.52 0.007 41.235+£17.6 16.253+10.06 0.006
31 351.422+63.97 190.797+55.92  0.00019  215.6911+44.09 122.247+32.85 0.001 57.967+13.16 31.718+9.12 0.001
32 617.369+152.9 697.953+173.9 0.373 338.069+71.15 239.454+33.72 0.005 94.969+20.81 48.753+12.7 0.0002

Table 7.7: Fluorescence lifetime of lung tissue analysed on a FLIM confocal microscope.
Comparisons are drawn using a t-test.

Cancerous Non-cancerous value Cancerous Non-cancerous value Cancerous Non-cancerous
Lifetime 1 (ns)  Lifetime 1 (ns) P Lifetime 2 (ns)  Lifetime 2 (ns) P Lifetime 3 (ns)  Lifetime 3 (ns)

30 0.487+0.031  0.448+0.022 0.017 1.8854+0.138  1.804+0.09 0.216 5.021£0.308  4.92540.233 0.521
31 0.387+0.03 0.426+0.029 0.025 1.5224+0.108  1.667+0.121 0.033 4.25+0.234 4.589+0.281 0.028
32 0.368+0.014  0.3224+0.028 0.002 1.469+0.04 1.349+0.244 0.22 4.16+0.074 4.116+1.056 0.914

Sample p-value

7.5 FLIM Plots
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