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Abstract

In Raman spectroscopy, data analysis occupies a large amount of time and effort;
thus, it is paramount to have the proper tools to extract the most meaning from the
Raman analysis. This thesis explores improved ways to analyse Raman data mostly
by using machine learning techniques available in Python. The substrate used
throughout this thesis has been patterned through an electrohydrodynamic process
that patterns micrometric pillars onto the substrate, which, after being gold coated,
can generate surface-enhanced Raman scattering. An initial theoretical background
was laid for the electrohydrodynamic process and additional observations regarding
the fluid mechanics. Furthermore, when the structures are fabricated, and Raman
measurements are taken, we show that it is possible to create an effective
convolutional neural networks that systematically evaluate these patterns’ surface
morphology and extracts features responsible for the surface-enhanced Raman
scattering phenomenon. Being able to predict 90% of the time from optical

microscope images and 99% of the time with atomic force microscopy images

Additionally, a thorough machine learning analysis of the Raman literature
was done. The best machine learning algorithms were put together into a script
combined with a graphical user Interface that can run multiple commands such as
principal component analysis and self-organizing maps, all in a centralised way. This
way, we managed to consistently extract information from Raman and surface-
enhanced Raman scattering spectra to open possibilities for precise peak analysis

methods using a multi-Lorentzian fit algorithm.
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Light scattering on a phonon. Three different scattering outcomes result from
this interaction, namely: Rayleigh scattering, Aw (Raman shift) = 0, Stokes
scattering Aw<0 and anti-Stokes scattering Aw>0 with their respective energy

band diagram

(A) Charge transfer mechanism between the adsorbate and the surface. This
charge will slightly increase the enhancement of the SERS. (B) SERS due to
nanometric roughness sites on the surface, makes highly localised
enhancement of the electromagnetic field from the laser light, which will scatter
with increasing intensity. (C) Interaction of electromagnetic radiation with the
surface plasmons over the Nobel metal surfaces. (D) Electromagnetic field
enhancement profile of two nanopatrticles — where the enhancement is majorly
centred around the space between the nanoparticles. And the enhancement
profile between two roughness sites — roughness sites are simulated as hills
and holes profile — where the enhancement is majorly centred in the hole part

of the surface.

(A) (i) Electrohydrodynamic lithography setup. Two parallel silicon substrates
form a capacitor, with the bottom one coated with a micrometric thin
polystyrene layer, after setting up a potential difference with a temperature
above the glass transition temperature of the polymer (ij). The generated heat
with the potential difference creates an electrostatic pressure that provokes
surface instabilities onto the polystyrene, which begins to raise towards the top
electrode. After reaching the top electrode and cooldown, the process is
terminated. After disassembling, a thin gold coating layer is sputter-coated,
making the patterned structures SERS active (iii). (B) EHD images from
different image acquisition tools (i) scanning electron microscope (SEM), (ii)
Renishaw optical microscope, (i) AFM 3D, (iv) AFM 2D.

EHD setup formation. (A) Bottom and top electrode assembled in a capacitor
geometry with a polymer layer and an air gap. Applying a potential difference
exerts electrostatic pressure that forces the polymer to rise at a high
temperature. (B) Generation of pillars due to the electrostatic pressure and

temperature.

(A) Schematic representation of the snow jet and respective (B) heating plate.
(C) Schematic representation of the plasma cleaning process and respective
(D) plasma cleaner tool. (E) Resulting clean silicon piece (top) ready to be

sputtered coated (bottom).

(A) i) A solution of a solvent is pipetted onto the substrate. ii) The spin coater is
then spun up, and the solution is forced to spread over the substrate. iii) The

solvent evaporates as time passes leaving a thin homogenous layer. (B) Spin
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coater used for this work.

(A) Automatic sputter coater schematic representation of the sputter coater.
The figure shows a magnetron sputtering deposition. (B) The instrument used

to sputter coat our EHD surfaces

A) Leica DM 2700M, (B) EHD patterns from the Leica DM 2700M microscope
(scale bar: 20 um). (C) Leica DM 2500 present in the InVia Qontor system, (D)
EHD patterns before gold coating from the Leica DM 2500 (scale bar: 20 um).
Both EHD patterns (B) and (D) are from the same spot, the highlighted dash
circle to help identify the common patterns and to inspect the difference in
quality.

(A) NanoWizard Il by JPK microscope. (B) i) Schematic representation of the
tapping mode function while going though a gold structure while changing the
laser reflection. ii) Laser alignment seen in the AFM software, maximise the
laser sum and minimise the lateral and vertical deflection for optimal
measurement. (C) Optical microscope image of the sample and cantilever, with
a proper laser alignment (white spot). Measurement examples: (D) 1D line of a
forming EHD structure, (E) 2D representation of a rough gold surface and (F)
3D of an E. coli bacteria (image obtained for [12]).

(A) Back part of the InVia Qontor Raman Spectrometer where the lasers are
located. From these the 785 nm and 633 nm were the ones used. (B)
Schematic representation of the Raman spectrometer showing the main
components of a Raman spectrometer. The beam splitter splits the beam the
objective aiming at the sample. Subsequently, the scattered radiation goes
through a set of mirrors, lenses, filters and gratings that cleans the scattered
radiation into the Raman scattering which is resolved in the CCD and
inspected through the WIRE software.

(A) VGG16 architecture adapted for the new output layer SERS/non-SERS (B)
VGG16 architecture for the fine-tuning of the bottom layers. The complete

training of our CNN goes first through (A) and then (B).

Schematic diagram of a thin polystyrene film with a thickness h on a silicon
substrate with an air gap and a top silicon electrode. Outlining the undulations,

with a wavelength A, caused by the polymer Brownian motion.

An applied electric field leads to the polarization of the dielectric polymer layer,
yielding an attractive interaction between the charges at the polymer-air
interface with the charges at the upper electrode. The layered system is

equivalent to a sum of two capacitors in series.

(A) Contour plot of the 1/t, in relation to q and h. To note regions of 1/>0 and

1/1<0 and undetermined regime in blank. (B)i) 1/t as a function of q, the stable
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Figure 4.1.

and unstable regime present. ii) opel/dh variation with different polymer
heights, showing breaking point at around 1.65x10-6m. iii) qc and gmax
variation with polymer height, reaching a point where it breaks dpel/oh<0 when.

iv) pel variation with film thickness and representation of the breaking point.

Tilting provoked by the different size spacers. With d being the incremental
height resultant from the tilting angle.

Optical microscope image of an EHD pattern using different height spacers.

Polystyrene colour to height conversion from [2].

1/t as a function of q for different tilting & values, the stable and unstable
regime present. The parallel capacitance geometry is verified for =0 um, by
the similar dispersion regime identified in Figure 3.3Bi. When increasing the
tilting values the amplified regime becomes extremely amplified, red line
curvature from 0<9<0.7um (i - viii). For highest tilting 6=0.8um (ix) the growth

regime is completely damped.

(A) Cell of the initial EHD condition with small surface fluctuations given by a
sine wave as a function of x and y distance. (B) Last iteration of the EHD
process. Multiple nucleation site separated by a A with one spot reaching the
top of the electrode, stopping the iteration. (C) Check the spot of high growth in
a 2D representation (slice of the 3D Figure 3.7B) at the start of the run and at
the end. (D) 1D representation (point of the 3D Figure 3.7B) of the highest
growth spot per iteration and observing the exponential growth trend.

(A) RGB values variation from the colour spectra of polystyrene, which are
used to convert into a single value between 0 and 1, represented by the
polystyrene calibration colours. (B) Polystyrene RGB values ranged between 0
and 1 (represented by the polystyrene calibration colours), and respective
curve fit. (C) Top view of some EHD pillars examples and their colour to

thickness conversion (i-iv), and respective matching in the calibration curve in

(B).

(i-iv) 3D pillars image after applying the colour to thickness converter on the

pillar optical images from Figure 3.8Ci-iv.

(A) i) Polystyrene colour variation with thickness, with added height points for
1-5 related to the different regions in ii) showing that these fit nicely onto the
best fit line, and a cross from initial film thickness in iv). iij) Optical image of an
EHD patterned surface, for proof-of-concept test of [Equation 41] over 5
different EHD region. iii) Table classification for the different pillar colours and
respective parameters, number of pillars, n, radius, r, and the calculated

thickness, t. iv) Initial polystyrene film optical image before EHD formation.

EHD process for SERS fabrication. To commence the pattering process, (a) a

XV

Page 63

Page 64

Page 66

Page 69

Page 71

Page 72

Page 75

Page 85



Figure 4.2.

Figure 4.3.

thin polymer film with an initial film thickness h is deposited between two
electrodes spaced apart by a distance d. Applying an external voltage, V and
liquefying at T > Tg leads to the generation of a high electric field, Ef
(~108V/m) within the microcapacitor and (b) formation of an instability
throughout the film with a characteristic wavelength A, which determines the
pitch between the final structures. The increasing amplitude of the film
variations guides the film’s redistribution, which eventually spans the gap
between the two electrodes. (c) Top-view optical microscopy and (inset)
scanning electron microscopy images of the EHD generated polymer
structures, which are subsequently coated with a plasmon active gold
nanolayer leading to high SERS signal enhancement. (inset) Representative
SERS spectra of BT on top of various topologies of the formed pillars
exemplifying that the roughened centre surrounded by a nanorim (top view,
red) yields more than 50 times higher signal enhancement relative to the flat

pillar topology.

Representative EHD-generated topological overview. Cross-section AFM
profiles, top-view OM images, SEM micrographs, and CNN images of the EHD
generated structures. Corresponding SERS enhancements are shown in
Figure 4.3d. (a) Pillar with Hrim = 250 nm and a nanoroughened centre, EF =
9.0 x 10 6. (b) Pillar with an equivalent nanorim of Hrim = 300 nm and a
roughened centre, EF = 1.1 x 107. (c) Pillar with a one-sided nanorim of Hrim
= 270 nm and a roughened centre, EF = 88 x 10 6. (d) Pillar with
nanoroughness throughout and no rim, EF = 6.4 x 10 6. (e) Smooth pillar with
one-sided nanorim of Hrim = 200 nm, EF = 6.1 x 10 6. (f) Pillar with a nanorim
of Hrim = 150 nm, EF = 6.7 x 106. (g) Smooth pillar top with no rim, EF = 5.8 x
106. Scale bar SEM: 1 um.

Tunability of structural dimensions of the metallo-dielectric EHD fabricated
SERS substrates for controllable and optimal plasmon excitations. (a) Relative
SERS enhancement versus the AR identifies an optimal AR for signal
enhancement in the range between 0.6 and 0.8. Wedge-geometry induced AR
variation generates bands of colour, due to the film thickness redistribution on
top of the underlying silicon wafer, corresponding to the various aspect ratios
(inset). The arrows correspond to the variation in AR and the corresponding
colour change across the sample. (b) Relative SERS enhancement of the
benzenthiol's 1070 cm-1 peak with varying nanorim heights indicate an
optimal range of Hrim~300 = 37 nm. (c) Spectrally resolved reflectance
spectra relative to the flat gold, RO as a function of the ARs. An increasing AR
results in an increase in the extinction (R/R0) due to the enhanced coupling of
light into LPSRs, which are tuned by the pillar geometry. (inset) The variation
of the enhancement as a function of the gap between the pillars at the
excitation wavelength of 785 nm reveals another important parameter,
tunability of which and its effect on strength of localized surface plasmon

resonances and surface Raman enhancement allows the optimization of the
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Figure 4.4.

Figure 4.5

Figure 5.1:

fabricated substrates. (d) Characteristic Raman peaks of benzenethiol at 1000,
1070, and 1575 cm™ readily detected in the spectra acquired from the EHD
SERS substrates showing the signal enhancement variation with the pillar’'s

topological features shown in Figure 4.2.

Engineering the EHD apparatus and reproducibly controllable structures. (a—c)
Optical microscopy images and the overlaid Raman maps with the
corresponding 2D near-field simulations of the Ef distribution (insets) of the
SERS enhancement occurring (a) exclusively on top of each pillar, (b) at the
perimeter of the pillar, and (c) between the pillars. Schematics (d) and AFM 3D
images of the fabricated (e) top electrode with carefully designed parameters
including the interelectrode spacing, AR, pitch, and the interstructural spacing
of the protrusions, A m. (f) 3D schematic representation of the controllable
EHD rig. (g) Photograph of the EHD prototype apparatus in the heating

chamber.

(a) OM image of pillars formed under the reproducible EHD microlithography
using planar top electrode, generating a homogeneous electric field throughout
the capacitor, and (inset) pillars forming using lithographically predefined top
electrode, introducing a heterogeneous electric field. AFM phase (b), with the
corresponding 3D profile, and height (c) images of the high-fidelity EHD-
replicated patterns. (d) Representative SERS spectrum of BT on a uniform
substrate for the highlighted 1070 cm -1 peak, at an excitation of 785 nm
laser, demonstrating reliable signal and substrate reproducibility (inset) of the
SERS intensities on the EHD generated arrays from 10 randomly selected
positions on the gold-coated EHD fabricated pillars. (e) Spike-and-recovery
bioassay differentiates the characteristic peaks of biomarker in an artificial
plasma with known concentrations (50pg/mL). SERS spectra of the spiked
(gray) versus normal, nonspiked (black); analyte was spiked into the test
sample matrix, and its response was recovered in the assay by comparison to
an identical spike in the standard diluent with 95.5 + 3.4% recovery of the

biomarker.

(A)(i): Optical image of the EHD structures from the Leica optical microscope.
(i) The augmentation process generates rotated/mirrored/inverted images of
the original Leica microscope image. (B)(i) Same EHD structures as in (A) (i)
viewed through the Renishaw inVia optical microscope. The individual pillars
are cropped using GIMP and are processed using Python for further image
augmentation. (i) The augmentation process generates
rotated/mirrored/inverted images of the original Raman optical microscope
image. (C) Raman spectra of a selection of 885 pillars show the separation
between SERS and non-SERS spectra, with the red spectrum as a separation
spectrum. Top red arrow pointing at the MB 1610 cm™ most intense peak. (D)
Histogram plot from the EF for each pillar shows the separation value between
both classes in the red bar. (E) Whisker plot with dashed red marking the 3™
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Figure 5.2:

Figure 5.3:

Figure 5.4:

Figure 5.5:

Figure 5.6:

Figure 5.7:

IQR separating SERS from non-SERS pillars.

Example of a screen-grab from the Renishaw computer when acquiring a
Raman measurement. (i) Widgets displayed from the WIRE interface. (ii)
Optical microscope image from the sample. (i) Raman spectrum from the
acquired spot delimited by the cross-hair intersection in (ii). (iv) Measured
sample list.

Applying an algorithm to break the WIRE screen-grab (A) into tiles, and then
passing the tiles into the pillar/non-pillar CNN. (B) Output of the tiles being
processed with the CNN, heat mapped by grad-CAM algorithm. (C) Padded
final region of interest — optical microscope image- (D) final cropped optical

image.

Application of the SERS/non-SERS CNN. (A) CrOMI from the WIRE software
screen-grab. (B) Break the CrOMI into multiple tiles and pass them onto the
SERS/non-SERS CNN outputting the grad-CAM results heatmap. (C)
Reconstruct the CrOMI overlaid with the heatmap tiles. (D) Overlaid WIRE
screen-grab with the highlighted heatmap SERS pillars on the optical image

SERS tracking method overview. (A) Continuous image acquisition using an
inVia Renishaw Raman Spectrometer outputs SERS spectra corresponding to
individual EHD pillars in the image. (B) The real-time screen-grab is analysed
by the pillar/non-pillar CNN, revealing the heatmap activation for the optical
microscope region (C). (D) Later padding it and cropping it (E). (F) The
cropped image is passed onto the SERS/non-SERS CNN model and, the
pillars labelled as SERS, are highlighted using the grad-CAM algorithm (G).
(H) The output overlays the WIRE interface with the SERS/non-SERS
activation regions over at the optical microscope screen section.

(A) Validation and Training accuracy change compared with the number of
initial images. Marked as points of interest 1-5 for different data augmentation
iterations related to Table 5.1. Orange circle related to (B). (B) Validation and
training accuracy values changing with the number of augmented images from
5-7 related to Table 5.1. Orange circle related to (D). (C) Relation between the
relative difference (%) between the training accuracy and validation accuracy
and the ratio of the number of augmented images to the number of initial
images. (D) Validation and training accuracy changes with different CNN
model architecture, * notation related to models breaking down after some
epochs. Changes between subsequent CNN architectures highlighted by a
thicker square boarder.

(A) (i) CrOMI with outline SERS activation pillars. The red dashed square
defines a test-run region. (i) Zoom in on the test-run region with highlighted
SERS activations. Table with the accuracy score test, the relative intensity of
the pillar (1/10), the real pillar label and the activation classification label. (B)
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Figure 6.1:

Figure 6.2:

Figure 6.3:

Figure 6.4:

Figure 6.5:

Figure 7.1:

Figure 7.2:

Figure 7.3:

SERS measurement tests. (i) SERS measurement with the appropriate
activation over the pillar A pointed with an arrow. (ii) Non-SERS measurement

without any activation over the pillar B pointed with an arrow.

Stacked bar plot of the variation in sample size between different research
papers. In orange, the number of unhealthy samples and the number of
healthy samples in blue.

Specificity, sensitivity, and accuracy variation with a different number of
patients. Increase the statistical values with an increasing number of patients
(healthy + unhealthy). Sensitivity describes the portion of true positives
correctly identified by a diagnostic test. Specificity is the proportion of the true
negatives correctly identified in a diagnostic test. Accuracy is the proportion of

accurate results, in a population.

Most relevant procedures for Raman data processing and analysis. In red,
showing the most common data processing path among researchers. A: Data
collection, B: baseline followed by normalisation, C: normalisation followed by
baseline, D: data preprocessing, E: machine learning multivariable analysis, F:

classification of the machine learning model, G: results and H: loadings.

Raman peak assignment on cancerous saliva samples. Their biomolecular
group displays a doughnut pie chart of the most prominent peaks in the

literature.

List of biomolecules present in saliva from cancerous patients with respective
whisker plots for different Raman peak regions. Red is related to protein
molecules, green nucleic acid, magenta sugars and blue lipids. When the peak
assignment is singular, a stripe represents the symbol—complemented with
Table 6.1

Raman data structure from the Renishaw system. A) Automated data
formatting from WIRE 5.1 software. B) Processed data for quicker access and

less memory storage.

First part of the Graphical Interface — Plotting. (A) The GUI shows multiple
commands options that can be toggled and pushed to make different kinds of
plots. Additionally, multiple display windows outline the files imported, a text
area to display results and additional function tabs. When the options are
toggled, the process is performed over the Raman data before plotting. For the
data processes, we have the standard plot (Bi), toggled options for baseline
correction (Bii), normalization (Biiij) and standard deviation (Biv). Besides the
standard plot, there are three other different plot options, stack plot (Ci),

heatmap plot (Cii) and waterfall plot (Ciii).

Second tab of the Graphical Interface — PCA. A) PCA section, multiple
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Figure 7.4:

Figure 7.5:

Figure 7.6:

Figure 7.7:

commands can be computed in this panel by toggling different options and
pressing the PCA 2D or 3D to run. B) Showcase a 3D PCA plot for 15 different
datasets. C) 3D PCA with the same data points with Gaussian Mixtures
applied. D) 3D PCA with the same data points with a Z-score applied to the
data.

A) Second part of the PCA section, exploring the window range, PCA loadings
and distance plot in 2D. B)i) Euclidean distance whisker bar plot in the binary
mode (healthy/unhealthy) obtaining for the distance between cluster { and
cluster W from PCA plot in Biii). ij) Confusion matrix for the classification test of
C and Y samples, with accuracy (A), Specificity (Sp), Selectivity (Se), negative
predictive value (NPV) and precision (P). iii) PCA plot with k-NN separation
and separation percentage (52%).iv) ROC curve for the false positive rate
(FPR) and true positive rate (TPR) relation. C)ij) 2D PCA plot (same data as
Figure 3), showing the respective loading components C)ii). D)i) 2D PCA and
i) loadings with windows setting on with a range from 950 cm -1 to 1500 cm -
1, highlighting a slightly different separation and loadings than D)i).

A)i) Peak Finder GUI tab highlighting the standard Raman peak analysis. Load
a Raman TXT file (A ii) into 'key' and generate the Raman fit (B) with the peak
information stored in a CSV file (C). Load the generated Raman (C) list into
'key' and load a Raman text file into 'lock' with the option 'Peak matching'
ticked to generate the peak matching between the 'key' peaks and the ‘lock’
file, output results in (Di, ii).

A)i) GUI — PCA Peak Finder section. Highlighted in yellow and cyan are the
two different operation methods of the script. Yellow generated the multi-
Lorentzian fit CSV file of the loadings, and cyan compared the peaks from the
loadings CSV file with the peak from the standard peak CSV file. B) PCA of
three different samples, highlighted by four different regions in the PC1 and
PC2 space (Q: quadrants, Q1 blue, Q2 orange, Q3 green and Q4 red). C) CSV
output file of executing the highlighted yellow routine in A. Showing the multi-
Lorentzian fitting parameters. D) Loading plot from PC1 and PC2 separated by
two regions positive loadings (dark grey) and negative loadings (light grey). E)
Multi- Lorentzian fit of the loadings for each quadrant. F) Peak matching

between the multi-Lorentzian fit summed and the imported 'key' CSV file.

A)i) GUI - SOM Peak Finder section. Highlighted in yellow and cyan are the
two different operation methods of the script. Yellow generates the multi-
Lorentzian fit CSV file of the SOM neuron activations, and cyan compares the
peaks from the activation CSV file with the peaks from the standard peak CSV
file. B) Normalized average spectrum of the different samples loaded into 'key'.
C) Self-Organizing maps in a three by three hexagonal configuration,
separating the different samples into different hexagons highlighted with

separation boundaries and edge-colouring related to the highest hexagon
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sample population. D) Activation Raman' spectrum' related to the different
hexagons positions. E) Peak fitting parameter table of the different Lorentzian
fits to the SOM activation 'spectrum’ (D). F) Heatmap representing each SOM
hexagon of the important peak fit centre values from the activation 'spectrum’.
(D). G) Multi-Lorentzian sum for the different SOM activations per hexagon,
with peak matching result between the SOM activation CSV and the imported
'key' CSV file.
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CHAPTER 1

Introduction

The world we live in is made out of patterns.

In nature, spiral patterns are observed in the shells of snails and leaf formations in
some plants. Other plants have fractal structures, and bees make tessellated
honeycombs. We can identify a relationship among many natural patterns by studying
these patterns. When analysing the number of patterns appearing in nature, they seem to
be present in the Fibonacci sequence®*?. By applying the ratio of consecutive numbers, it
converges to the unique number called the golden ratio, .

In Space, there are other patterns. A year on Earth refers to the Earth planet doing
one lap around the sun. Earth shows four repeatable patterns, what we call seasons:
spring, summer, autumn and winter per year. The moon has four different phases per
month, and the sea tides have two low and two high tidal patterns per day.

Patterns can also appear in the scientific field. In mathematics, for instance, if you
have a circle and divide its perimeter by its diameter, you will always find the same
constant called pi (1) and many other examples in trigonometry. Even remote fields of
science like the chaos theory have patterns, as shown by Feigenbaum, who discovered
two constant relations from periodic patterns in chaos, named the delta (d) and alpha (o)
constants4,

Interestingly, humans have become experts at analysing patterns and extracting
meaning due to their inherently pleasing nature. In fact, we could even say that our ability

to identify patterns is innate. Our brains have been wired in such a way that we have
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learned to interpret patterns as an adaptive trait for human survival®. The thought process
behind pattern recognition learning in humans has been extensively studied and curiously
has opened a new field of research in computer science called machine learning (ML),
Researchers have tried to mimic the thought process happening inside a human brain into
a computer circuit to create artificial intelligence (Al). One of the first attempts in using Al
was to detect different patterns in images™. With time, new ML methods have been
developed, like convolutional neural networks (CNN)®, which are very powerful for image
analysis and will be a core component in this thesis.

Nowadays, pattern identification has stretched past the pure sciences and has been
applied in other fields. For example, in the medical field, one way of identifying if someone
has cancer is by observing optical imaging of cells®. There are subtle differences
between healthy and cancerous cells, so the job of multiple doctors is to access and
classify the extracted sample, which is an extremely time-consuming task. However, with
the use of CNN, this complex task can be performed by a single computer in no time™".
This use of a CNN is one of many examples that can highlight the potential of
systematically translating specialised pattern recognition into computational language. In
this thesis, the same logic has been extended to optimise the identification of substrates
capable of generating a high optical signal enhancement. Since the specific features that
generate the signal enhancement are not trivial to find, it is possible to have a deeper
insight into these features using CNN. This aspect is covered in the first part of the thesis.

Another field where patterns can give insight into nature is quantum mechanics.
Patterns are used at the nanoscale level to identify specific symmetry groups in molecules.
For example, molecular symmetries provide information on allowed and forbidden energy

band transitions for scattering events. In particular, it is of special interest for Raman



spectroscopy, and based on the probe molecule selection rules, only certain vibrational
energy states can be achieved™?.

Raman scattering describes the interaction between a quantum of light, photon and
a lattice vibration quantum, phonon®™®. The photons come from a monochromatic light
source, usually from a laser, which are scattered over the material to analyse. When the
photon frequency matches the vibration mode frequency of the material bonds, a
resonance is measured as a stronger peak in the Raman spectral®. Thus, analysing these
peaks gives important information about the molecules present in the samples since each
molecular bond has a unique vibration mode fingerprint. The matching between peaks and
molecules is easy for single molecules; however, when dealing with compounds,
identifying the different components of each compound becomes a complicated task. In
order to solve this issue, ML models are applied, specifically, those using advanced
statistical analysis like the principal components analysis (PCA)™. Methods such as PCA
are required to separate multi-peak signals into their main components, enabling insight
into the various molecular vibrations through the multi-peak locations. The method of
breaking the multi-peak Raman signal and the resulting insight are the main topics of
discussion in this thesis's second section.

In summary, this work focuses first on using CNN to optimise a substrate from
Raman spectroscopy data and images and second on data analysis methods for Raman

spectral data, specifically towards Raman peak analysis.



1.1 Thesis Outline

The structure of this thesis starts with an introduction to Raman scattering and surface-
enhanced Raman scattering (SERS) and the surface capable of generating SERS, the
electrohydrodynamic lithography (EHD) patterns. The core Python functions are then
introduced, as well as the convolutional neural networks and their architecture, and also

data visualisation, preprocessing, processing, and multivariate analysis tools.

Following the Introduction chapter, the experimental tools and analytical techniques
used to complete the research within this thesis are described in detail in Chapter 2. The
materials used to achieve the nano and micro EHD structures, the gold sputter coating tool
to make EHD patterns SERS active, and the characterisation techniques used to analyse
the fabricated substrates and devices, including Raman spectroscopy and optical
microscopy and atomic force microscopy (AFM).

In Chapter 3, different configuration types are introduced and explored through the
theory of EHD fabrication, which is at the heart of all the fabricated device technologies in
this thesis, with growth simulations and unique pillar height calculations performed solely
on the optical imaging of the EHD patterns.

In Chapter 4, it was demonstrated that a CNN model could be successfully trained
to identify AFM images of EHD pillars based on their SERS activity and to correctly label
the AFM images as SERS or non-SERS pillars based merely on their AFM images.

In Chapter 5, the issues from Chapter 4 were once more addressed, but this time,
optical microscope images were used instead of AFM images from the EHD-patterned
surfaces. This led to the development of a CNN model that could distinguish SERS from

non-SERS EHD patterns from optical microscope images in real-time.



In Chapter 6, the best technique for visualising, pre-processing, processing, and
analysing Raman data was identified by carefully studying the various Raman data
analysis literature for saliva samples.

In Chapter 7, many saliva samples were evaluated on a Raman spectrometer and
subsequent data analysis in accordance with the procedure described in Chapter 6. The
main subject of the chapter is the examination of these saliva samples using a customised
Python programme. A graphical user interface with numerous buttons and widgets that
manipulate the data is part of the Python script. It can analyse and track any Raman
spectral shift by using machine learning and a cutting-edge peak finder technique to
discover peaks in the Raman spectral data.

Initially, the thesis outline comprised of chapters 3, 4, 5, and instead of the current
chapter 6 and 7 topics, it would have a molecular imprinting project part. However, due to
the Covid-19 pandemic and the restrictions, some of the lab work parts were delayed or
even scrapped, and thus the topic shifted to a more literature review and computation work
component, which explains the current chapter 6 and 7 that seem slightly off-topic, but
were a consequence of adapting to the Covid-19 restrictions imposed on my lab work.
Despite this, some preliminary results from the molecular imprinting project were
published, and others are still ongoing work, as highlighted in the List of Publications

section.

1.2 State of the art

1.2.1 Raman Scattering

Raman scattering has extensive applications for both quantitative and qualitative sample

analysis. It can provide information quickly and is very popular for determining biological
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molecules ™7, chemical processes 8 and material properties %24, Raman
spectroscopy is an excellent tool to analyse any samples, giving a specific fingerprint
related to the molecular vibration modes of the material in a non-destructive way. A
common use is process control in bioprocessing, as it can offer monitoring of key variables
in the production process without much sample preparation 2. Raman spectroscopy is
used in all experiments throughout this work. When operating the Raman spectrometer,
multiple components need to be considered, mainly the wavelength choice of the
monochromatic laser light and the material composition to analyse. A scattering event
involving a monochromatic laser light and a material can produce two distinct scattering
results (Figure 1.1). The first is Rayleigh scattering, which occurs when the resulting
scattered wave has the same energy as the incoming wave (elastic scattering)®®, and the
second is Raman scattering, which occurs when the frequency of the dispersed light
differs from the frequency of the incident radiation in these interactions (inelastic
scattering)®,

The difference between the Rayleigh and Raman scattering processes is related to
the molecule's initial and final energy states. The Rayleigh scattering occurs when a
molecule is initially in its ground or vibrationally excited energy state, is excited by a
photon to a virtual excited energy state, and then is de-excited, re-emitting the photon with
the same frequency as the excited one. In Raman scattering, the molecule can be in the
ground state, be excited to a higher virtual energy state, and then re-emit the photon with
slightly less energy, resulting in the difference in energy being converted into a molecular
vibrational state (Stokes scattering), or the molecule can be already in a vibrational state,
be excited to a higher virtual energy state, and then re-emit the photon with slightly more
energy, resulting in the molecule returning to (anti-Stokes scattering). In both Stokes and

anti-Stokes cases, the energy leftover and excess energy after the scattering has



information on the vibrational mode of the molecule. Thus Raman scattering is highly
specific at probing chemical vibrational bonds because the vibrational state involved in the
energy transfer is unique and specific to each molecule. Therefore, the Raman spectrum
can give an accurate fingerprint of the compounds that are being analysed. However, the
Raman scattering probability is very small, where only 1 in 10® of the scattering events are
Raman scattered®!. The other scattering events are all Rayleigh scattering. Hence, to
characterise a sample with Raman spectroscopy, a Rayleigh filter is needed to filter out
the Rayleigh scattering, to only let through the Raman scattering photons. Therefore, one
of the major drawbacks of Raman scattering is the high sample concentration required.
Because of the low number of scattered Raman photons, Raman scattering does not
always detect low concentrations from a compound. Thus, Surface-enhanced Raman

spectroscopy (SERS) is used to overcome this limitation.
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Figure 1.1: Light scattering on a phonon. Three different scattering outcomes result from this interaction, namely:
Rayleigh scattering, Aw (Raman shift) = 0, Stokes scattering Aw<0 and anti-Stokes scattering Aw>0 with their respective
energy band diagram.

1.2.2 Surface-enhanced Raman Scattering

Surface-enhanced Raman scattering (SERS) is a method used to amplify the Raman
scattering signal. SERS was first discovered in 1974 by Fleischmann et al.*®, and after its
discovery, many theories have been formulated to explain this phenomenon. The main
theory explains that the enhancement comes in two forms, an electromagnetic and a
chemical enhancement 3%, The electromagnetic enhancement comes from the surface
plasmons from mainly transition metals such as gold, copper, and silver. Chemical

enhancement, is derived from certain surface chemistries that improve the charge transfer
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to target molecules and enhance the Raman signal. However, chemical enhancement is
weaker than the electromagnetic enhancement. The maximum enhancement ascribed to
chemical and electromagnetic enhancement is 10?1 and 102" respectively.

Instead of breaking down SERS into electromagnetic and chemical enhancement, we will
split our SERS analysis into the entities that are present for SERS to occur, i.e.,
monochromatic light, a nanostructured rough surface, and an adsorbate. Moreover, the
interaction among these entities is considered.

Laser light is a monochromatic electromagnetic source with power, energy,
wavelength and frequency associated with the beam. The electromagnetic radiation from
the laser has perpendicular, electric and magnetic field components, which are
perpendicular to the wave propagation. Photons emitted from the laser are quantum in
nature and have special properties (wave-particle duality), statistics (Bose-Einstein
statistics) and polarisation inherent to their nature. A quantum mechanics treatment must
detail the light interactions with a surface.

When a monochromatic light interacts with a surface, SERS is only verified for
specific surfaces. Hence surfaces with the ability for SERS are called “SERS-active”
surfaces. These are usually made from noble metals like silver, copper and gold. The
appearance of SERS is a combination of roughness sites on the surface, close proximity
for nano particles, and a plasmonic coating with noble metals. In the case of a silver
coating, it shows better overall SERS along the nanometre to micrometre wavelength
range ¥, However, it quickly oxidises in contact with air, and thus it is not entirely
biocompatible without further functionalisation %, Here biocompatible is defined as not to
cause toxic or harmful effects on a biological systemt. Alternatively, gold can be used

since it is mainly inert to air and biocompatible Y. However, the enhancement is slightly



lower in wavelengths below 600nm because of interband transitions in gold that hinder the
generation of plasmon-polaritons 9.

Finally, an adsorbate can be considered any molecule/entity/biomolecule adsorbed
to the surface. There can be considerable differences when comparing the Raman and
SERS spectra of the same adsorbate on different surfaces. Raman peaks that are not
active can become active in SERS, and peaks located in a certain wavenumber can be
shifted in SERS. The fact is that SERS measurements are more sensitive than Raman.
Thus these subtle shifts and weak activations in Raman can be measured in SERS mostly
because SERS is sensitive enough to probe how an adsorbate is orientated on the
surface, which influences the spectral signal 2.

These are the three most important causes of SERS. However, because they all
interact with one another, there are three types of relationships between these entities:
laser-absorbate, adsorbate-surface, and laser-surface. The laser-adsorbate interaction
gives the Raman spectra information of any adsorbate molecule on the surface. The
information obtained from the Raman scattering is a fingerprint of the adsorbate, and it is
unique for each adsorbate molecule. The surface and the adsorbate interaction can be
considered an “adsorbate-surface” complex (Figure 1.2.A). The Raman signal from the
adsorbate is enhanced from the surface through a charge transfer mechanism (chemical
enhancement), where the adsorbate donates its charge to the surface, and these charges
will oscillate as the free electrons inside the noble metal (electromagnetic enhancement),
slightly increasing the enhancement (Figure 1.2C). Usually, when dealing with SERS, the
focus is on the interaction between the laser light and surface-adsorbate complex.
However, detailed information between separated entities is hard to predict.

Finally, the laser-surface interaction between the laser and the surface is

responsible for the major enhancement. When dealing with the SERS surface, the
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dielectric permittivity is the most important parameter to consider 3. Dielectric permittivity
determines how the material interacts with electromagnetic radiation and can be calculated
by performing reflectance measurements over the surface. Finding how the dielectric
permittivity changes in the micro-nano scale is hard to calculate precisely. The dielectric
permittivity is usually given for bulk materials, but it can be roughness-dependent and
frequency-dependent (Figure 1.2B). The dielectric permittivity of a noble metal SERS
surface, such as gold, is negative at the excitation wavelengths (visible to near-infrared
range) used for Raman scattering. When an electromagnetic field is dispersed across an
interface between two materials where the dielectric function changes sign (e.g., the
gold(negative)/air(positive) interface), generations of coherent delocalized electron
oscillations known as surface plasmons (SP) are produced. SP on a metal surface
generates an electromagnetic field outside the metal, resulting in the formation of a
surface plasmon polariton (SPP). When SPP occurs at closed surfaces of small particles
or roughness sites, it is referred to as localised surface plasmons (LSP). When different
LSP modes are coupled, resonance can occur, which can boost the scattering field and is
one of the mechanisms for electromagnetic enhancement in SERS. Similar enhancements
are also observed over noble metal-coated nanoparticles when they are close to each
other (Figure 1.2D). Overall, SERS has a fast detection time, with little or no sample
preparation required, delivering highly sensitive results, making it one of the leading

analytical techniques with multiple applications for sensors “4,
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Figure 1.2: (A) Charge transfer mechanism between the adsorbate and the surface. This charge will slightly increase the

enhancement of the SERS. (B) SERS due to nanometric roughness sites on the surface, makes highly localized
enhancement of the electromagnetic field from the laser light, which will scatter with increasing intensity. (C) Interaction
of electromagnetic radiation with the surface plasmons over the Nobel metal surfaces. (D) Electromagnetic field
enhancement profile of two nanoparticles — where the enhancement is majorly centred around the space between the
nanopatrticles. And the enhancement profile between two roughness sites — roughness sites are simulated as hills and

holes profile — where the enhancement is majorly centred in the hole part of the surface.

Electrohydrodynamic (EHD) lithographed patterned structures®” are the main
surface used in this work for the SERS applications. Following the fabrication of the
structures, they are gold-coated, which, when combined with the EHD patterned
roughness, gives the patterns SERS properties. SERS is not located everywhere on the
patterned structures, thus the aim is to develop a reliable method of finding SERS patterns

using CNN yielding consistent high SERS signal pattern identification over the substrate.
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1.2.3 Electrohydrodynamic Lithography (EHD)
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Figure 1.3: (A) (i) Electrohydrodynamic lithography setup. Two parallel silicon substrates form a capacitor,
with the bottom one coated with a micrometric thin polystyrene layer, after setting up a potential difference
with a temperature above the glass transition temperature of the polymer (ii). The generated heat with the
potential difference creates an electrostatic pressure that provokes surface instabilities onto the polystyrene,
which begins to raise towards the top electrode. After reaching the top electrode and cooldown, the process
is terminated. After disassembling, a thin gold coating layer is sputter-coated, making the patterned
structures SERS active (iii). (B) EHD images from different image acquisition tools (i) scanning electron
microscope (SEM), (ii) Renishaw optical microscope, (iii) AFM 3D, (iv) AFM 2D.
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To produce our SERS substrates, we used an EHD technique. The EHD process starts
with the spin-coating of a thin polymer film onto a silicon substrate. A capacitor is formed
when a conducting electrode is placed above the substrate and is separated by a
micrometric spacer. The setup is heated above the polymer's glass transition temperature,
and when an electrical potential difference is applied between the substrate and the top
electrode, the film destabilises. The destabilisation causes disruptions of the capillary
waves, which, as time passes, increase in amplitude, eventually reaching the top electrode
that produces multiple arrays of pillars on the bottom electrode. Then, the temperature is
reduced below the polymer's glass transition temperature, the voltage is then turned off,
and the device is separated, leaving the formed pillars on the bottom substrate. Lastly, the
patterns are sputter-coated with a thin gold layer, turning the structures SERS active. The
experimental setup is shown in Figure 1.3A. If the pillars have a rough top, they can have
up to 50 times more enhancement than a flat-topped pillar. Therefore, most SERS npillars
will have rough tops #"*°l. However, identifying rough tops is not trivial and requires high-
resolution tools to analyse them post-fabrication, which is time-consuming. As a result, ML
algorithms are used to determine which structures are SERS and which are not. ML
algorithms, such as CNN, can detect subtle variations in images and detect features that
distinguish between SERS and non-SERS ?7“® that humans cannot. Another benefit is that
the CNN model only needs to be trained once and can then be used whenever the model

weights and biases are loaded.

1.2.4 Convolutional Neural Network (CNN)

A CNN is a form of ML popular for image classification problems. The use of CNN has

dramatically increased with the improvement in computational power and has become
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today's standard for computer vision applications*”. The goal of any ML algorithm is to
train on given data and correctly predict unseen data. Its applications have already been
demonstrated to differentiate SERS from non-SERS EHD patterns AFM images . Thus,
CNN was chosen to analyse our optical images of pillars for real-time analysis on the

Raman microscope.

Despite the architectural variations of a CNN, usually, it consists of 2D convolution
layers 8 Max pooling layers®®, a Dropout layer®®, Flatten layer® and Dense layers®?,
These layers compute the input image in various ways so that at the end of the CNN, a
categorical classification can be made.

A CNN starts with a 2D convolution (Conv2D) layer with two important parameters:
filters and a kernel. The filters' parameter sets the number of convolution filters that a layer
will learn. The second parameter, the kernel, defines a matrix size that convolves across
the different channels from the input image, outputting a channel feature map. The
concatenation of these feature maps results in the filters of the layer. The filters are
initialised to small, random values which, during the CNN training, learn and are updated
to distinguish the input image features. When the CNN model is optimised, the filters
provide information about the classification mechanics of the CNN model. After the output
feature map is created, it passes onto the Max pooling (MaxPooling) layer, which operates
over the outputted feature map by downsampling the feature map and reassembling the
maximums into a new feature map, which is then passed onto the next layer. Conv2D and
MaxPooling layers can be stacked together into a multi-layered CNN, and these layers
make up the main structure of a CNN. To conclude the CNN structure, additional layers
are added for the appropriate classification outputs. The Dropout layer can be added,
which applies to the last outputted feature map, which randomly sets to zero a percentage

of output features of the layer. Usually, Dropout layers are used to prevent model
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overfitting. Finally, the output feature map from the Dropout layer needs to be converted
into a vector and to do this, a Flatten layer is used, which reduces the dimensionality of a
feature map into a vector. The Flatten layer is always applied at the end of the CNN model
to serve as input to a Dense layer, which can be connected to another Dense layer that
together forms an output layer to the CNN. The last Dense layer is responsible for the
classification of the input image.

A mathematical definition of an image is required to see how these different CNN
layers affect the interpretation of an image. An image is represented by a 3D tensor, and it
has a width w, a height h and a channel depth c. The width and height are related to the
pixel size of the image, and the depth is related to the image channels. If it is a coloured
image, it will have red, green, and blue channels (RGB), and if it is a greyscale image, it
will have one channel value. Thus images can be described as a 3D tensor with shape (w,
h, 3) if they are coloured and (w, h, 1) or (w, h) if they are in greyscale. After defining the
mathematical representation of an image, we can analyse how the different layers used to
build up a CNN operate over an image.

When put the CNN model into practice, large amount of data is required to optimise
the different layers in order to be able to accurately predict the appropriate class for the
input image 3. The CNN optimisation starts with appropriate image data organisation and
then separation into the three categories: training, validating, and testing. Training is used
to train the model to adjust parameters and define important features within each image.
While the model trains, it validates its training with the validation data, which is used to
determine the model's accuracy and fine-tune different layer parameters. Finally, the
testing data is used to evaluate the true accuracy of the model with no bias since these
images were never seen before by the CNN, thus can give a real judgement on the

optimised CNN model.
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The CNN used is the VGG-16, a pre-trained CNN developed by Simonyan and
Zisserman at the University of Oxford for the ImageNet image classification competition in
2014 B4 In this competition, the goal was to create a program able to classify 1.2 million
images into 1000 categories. VGG-16 came second in this competition with a test error of
7.3%, later improved to 6.8%. Since its excellent performance in the ImageNet
competition, VGG-16 has been used as a base for countless image recognition tasks via
transfer learning. Transfer learning uses pre-trained models as a base for other models
with more generic features already understood by the network (for example, shapes and
objects), so only model-specific features must be learnt, commonly by fine-tuning the final
layers of the CNN 5*5¢,

An excellent example of VGG-16 application is within a model for pathological brain
image classification. Magnetic resonance (MR) brain images were classified using Kaur
and Gandhi's VGG-16 containing model ®7, resulting in near perfect accuracy, specificity
and sensitivity results, considerably better than all current gold standard classification
methods. Another example of using the VGG16 neural network was to be able to
distinguish between SERS-active EHD pillars and non-SERS-active EHD pillars and relate
them to their AFM images. The model generated obtained an accuracy of 99% 7,

Besides the CNN, other ML techniques have been used to preprocess, process and

analyse the Raman spectral data.

1.2.5 Raman Data Preprocessing

When measuring a sample through a Raman spectrometer, the scattering signal is
acquired through a charge coupled device (CCD) located at the end of the instrument’s
optical path and its signal is processed with the appropriate analysis software on a

computer. When handling the raw data obtained from the measurement, it is required to be
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preprocessed to remove undesirable features to make all data comparable for a proper

data analysis.

Following the Raman preprocessing operation sequence proposed by Hardy et al.
[10] any change to the raw data prior to the multivariable data analysis procedure is
referred to as "data preprocessing.” The most commonly used preprocessing methods for
Raman spectroscopy data are: cosmic ray removal ¥ baseline subtraction ¢
smoothing %% and principal component analysis (PCA) €277 However, there is no
standard preprocessing methodology, and each author uses their preferred preprocessing
method. Here, the most commonly used methods are highlighted, along with their

advantages and disadvantages.

After acquiring the raw Raman data, the first preprocessing is always cosmic ray
removal . Cosmic rays are everyday radiation from space unrelated to the sample being
analysed. They are occasionally captured by the Raman spectroscope, which is
unavoidable. Thus, the solution is to remove them using algorithms, and all authors

consider this approach valid.

Following the removal of cosmic rays, baseline subtraction is performed. Baseline is
the underline profile in a Raman spectrum that is sometimes removed or not depending on

the author. The majority of authors approach baseline subtraction in the following manner:

If it is removed, the Raman spectra will lose relevant information. If it is not removed, the
baseline becomes sample dependent. When looking for a relevant Raman fingerprint,
overestimate its contributions due to baseline contributions, which is not desirable in data
preprocessing. Finally, regardless of whether baseline subtraction is used or not, it should

be used consistently across all data samples.
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After the baseline subtraction is performed, smoothing operations can be used.
Smoothing is a process of de-noising the signal to turn it smoother. Most authors avoid
smoothing because it might remove important information related to specific spectra
fingerprints, although some authors use smoothing just for aesthetic reasons for plotting.

However, smoothing as a preprocessing tool is usually not performed.

Normalisation is the next step in data preprocessing. There are three ways to
achieve normalisation. First, by resizing the spectra to a fixed range between zero and
one, called the min-max normalisation. Second, resizing the spectra based on their
average and the standard deviation is called the standard normal variate (SNV)
normalisation. Third, the normalisation can be accomplished by using the area of a
common peak in the spectra and resizing the spectra by this area. Like the baseline
subtraction option, the normalisation also divides some authors. The argument is that
since Raman spectra intensity values are related to a quantitative measurement (i.e. the
amount of a chemical compound in the sample), if it is normalised, it will lose the
guantitative aspect, and it is a mere qualitative measurement. Because of this, some
authors usually reserve using normalisation for the multivariable data analysis part of the

Raman analysis and leave it not normalised for all the quantitative analysis.

Finally, PCA can be used as preprocessing algorithm since PCA is used as a
dimensional reduction algorithm, reducing the data into the most important components,
which maximises the variance between different sample spectra. This process can reduce
the initial data sample size into the most significant PCA components and thus compact
the data into its most important components. When PCA is used as a preprocessing
algorithm, its output components are subsequently analysed by another multivariable

analysis algorithm like the linear discriminate analysis (LDA)™" or support vector
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machine (SVM) "7 Thus, some authors use PCA as a preprocessing algorithm and

others solely as a multivariable analysis tool.

1.2.6 Multivariate Data Analysis

After performing all the necessary preprocessing algorithms to the raw Raman data, the
data is fed through the multivariate data analysis. The multivariate data analysis procedure
takes care of analysing complex multi-class Raman spectra. When dealing with multi-class
Raman spectra, we analyse a large amount of data, which quickly turns into a ‘big data’
problem ", Here computational performances in analysing large amounts of data start to
matter, so it is required to have the proper hardware to tackle multivariate data analysis.
Luckily with today’s advances in technology, most personal computers are powerful
enough to perform some of these complex tasks. Usually, these procedures involve using
Artificial Neural Networks F°8%# processes and complex statistical algorithms, which take
a load on standard computers. However, these techniques are required to analyse
multivariate data, so we the most up-to-date tools is needed to extract meaningful

information and effectively separate it from insignificant information.

One of the most standard multivariate analyses is the principal component analysis
(PCA) 270731 PCA is an unsupervised learning tool that separates the multi-class spectra
by redefining the data into a new coordinate system that maximizes the variance between
data points, thus sorting out the similar spectra into unique clusters. There is no need to
classify the individual spectra to use PCA since PCA is an unsupervised tool. Thus, the
algorithm can sort out the data without any label input by only inputting the preprocessed
data, which shows the power of multivariate data analysis tools. Another important feature

of the PCA analysis is the PCA loadings, representing the new coordinate systems with
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the highest variance values defined by the PCA. The loadings provide further insight into
how the different spectra are clustered, conveying each PC's most important Raman shift
values. Thus, identifying all the pieces of information needed to analyse multi-class Raman

spectra.

Besides PCA, there are also supervised learning tools like linear discriminant
analysis (LDA)">", support vector machining (SVM)""® and partial least squares (PLS)
B4 These perform the same dimensionality reduction task as the PCA while considering
the correlation between dependent (spectra class) and independent (Raman intensity)
variables when performing the class separation. Here, the spectra data requires manual
identification of which class the spectra belong to by the user. Usually, the output is more
accurate using the supervised methods since they improve the variance between spectra
and the variance between the different labelled classes; thus, they improve the
classification slightly with this added consideration. Although researchers do not know the
nature of their samples in some cases, these techniques cannot be applied since the
samples cannot be correctly labelled. Besides these statistical multivariate analysis tools,

there are also artificial neural networks (ANN) to analyse spectral data.

ANN algorithms function as the neuron network in the brain where multiple layers
have interconnected nodes that are activated or not depending on the supplied data. Each
node connection is assigned a weight and a bias trained to learn the differences among
Raman spectra. The weights and biases are tuned via a backpropagation algorithm to
minimize the predicted and desired output error. The ANN can be effectively trained to
distinguish multi-class Raman samples by running many spectra data combinations. The
output weights and biases can be inspected when the correct distinction of different
classes occurs, which provides deep insight into the ANN classification of the different

classes and are very important. These output weights and biases are called neuron
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activation. They can be used in the data post-process to identify different Raman labels

based on the activation of neurons signals.

One custom ANN that has worked well for Raman data is self-organizing maps
(SOM) B% SOM is an unsupervised technique that reduces the dimensionality of the
Raman data. The map organizes the same class spectra into the same region as clusters.
Depending on the proximity of other clusters, the more the spectra are similar or different
from each other. In the SOM map, each spot is represented as a neuron that only accepts
similar spectra as the ones the neuron was trained on, thus providing information related

to the different class fingerprints and similar classes based on the proximity.

1.2.7 Raman Data Visualisation

Visualizing the spectra to inspect the data is a fundamental tool for Raman spectra
analysis. The visual inspections of the data can be performed before and after
preprocessing to check if the preprocessing is correctly applied and after performing the
multivariable analysis to interpret the output results. Different authors use different visual
representations for the Raman spectra; most choose to average out the spectra of a
sample, some authors normalize the spectrum, and others leave it with the appropriate
intensity units. Some perform a baseline subtraction, others leave it as normal, and some
show the average plot with a standard deviation outline to show the dispersion of the data.
However, the most common procedure is to plot the average Raman spectra with baseline
subtraction and without normalization. For the multivariable analysis using PCA, the choice
is to plot the two most relevant principal components (two-dimensional plot) that show a
proper separation of the multi-class Raman data and then fit a confidence ellipsoid®®

highlighting the different PCA clusters to help to visualise the cluster separation.
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Occasionality 3D plots are also used, but they are not as visually explanatory as the 2D

plots, so they are usually avoided.

1.2.8 Raman Peak Analysis

Finally, in quantitative Raman analysis, most authors focus on the intensity difference of
common peaks or the appearance and disappearance of specific peaks when comparing
multi-class Raman spectra. This comparison is usually a single comparison between
individual spectra from different classes, and it fits the single analysis described
previously. Single Raman spectrum analysis is fairly straightforward, usually involving
peak Area/Intensity comparisons, as seen in multiple graphene Raman analysis studies
581, For graphene, it is enough to calculate the intensity ratio between the 2D and G peaks
to know if we have high or low-quality graphene. Although it is simple to perform, the
information from this analysis can be very insightful in both quantitative and qualitative
analysis. Usually, authors present a list of peaks that are being changed (positively or

negatively) when comparing the Raman spectrum for different classes.

1.2.9 Graphical User Interfaces

All current available Raman analysis software have a graphical user interface. Some
examples are WIRE software (Windows-based Raman Environment — from Renishaw),
LabSpec (from Horiba), Spectragryph ¥, Raman Tool Set ¥ and spectools ©%. Raman
analysis software are mostly closed-source software capable of acquiring Raman data and
performing the basic process of the Raman data like baseline subtraction, normalization,
cosmic ray removal, average calculation, and de-noising. However, more sophisticated

multi-class analysis tools are not easy to use nor flexible, and in the end, they are not used
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by most scientists, whom often prefer more flexible and easily tuneable data analysis
procedures that can be achieved using home-built code in R-code P or Python. These
can offer more dedicated modules to perform a more personalized multivariate data

analysis.

1.2.10 Summary

This chapter sets the foundation for understanding the project by providing an overview of
the physical interpretation of Raman scattering and introducing a specific surface
fabrication technique using EHD that enhances the Raman signal (SERS) when coated
with a plasmonic material. The chapter also introduces computational tools used for SERS
spectral analysis and classification, including the use of CNN and Python-based
algorithms for data preprocessing, analysis, and representation. These tools and

techniques serve as the foundation for the main topics of the thesis.
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CHAPTER 2

Experimental Tools and Analytical Techniques

This chapter describes the materials, and experimental and analytical techniques, used to
make, prepare and characterise electrohydrodynamic surfaces for surface-enhanced
Raman scattering (SERS). Additionally, computational tools to analyse, classify and
simulate the data are also discussed, such as multivariate analysis and convolutional

neural networks.

2.1 Electrohydrodynamic Patterning

2.1.1 Experimental Setup

The electrohydrodynamic (EHD) patterning method forms micro/nanostructures capable of
generating surface-enhanced Raman structures when coated with gold, and thus it was an
integral part of this work. EHD pattern formation has previously been achieved and here
the same protocol is followed ™. The EHD setup begins with the assembly of a capacitor,
which is made up of a bottom conductive electrode made of commercially available silicon
coated with a thin polymer film (100 nm) material to be patterned. Above is another

conductive silicon electrode with a 1um controllable air gap. A bias voltage (40V) is applied
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between the two conductive electrodes to create a strong electric field (10®v/m) due to the
micrometric air gap. The whole setup is placed in an oven and heated above the material's
glass transition temperature (180°C) softening the material until it is a viscous fluid. As
time advances, the viscous fluid moves and redistributes to minimise the electrostatic
forces between the electrodes (Figure 2.1). The process can be controlled by inspecting
the current across the capacitor; when the current plateaus with time, the process is
complete, and the entire device is cooled to room temperature and disassembled. After

disassembly, the EHD generated structures are present on the bottom substrate.

A B

dair QD% [lll Il V>

Figure 2.1: EHD setup formation. (A) Bottom and top electrode assembled in a capacitor geometry with a polymer layer

and an air gap. Applying a potential difference exerts electrostatic pressure that forces the polymer to rise at a high

temperature. (B) Generation of pillars due to the electrostatic pressure and temperature.

Below we give a detailed description of the materials, solvents and techniques used

to produce and characterise the EHD structures.

2.1.2 Substrate Preparation

Single side polished silicon wafers were purchased from Si-Mat Silicon Materials with a

diameter of 100mm and 525+25um thickness. The wafers are n-type phosphorus-doped
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with a 1-5Qcm resistivity and surface roughness on the order of 1nm. These wafers were
used as substrates for the EHD patterning. The silicon wafers were cleaved, using a
diamond scribe and a metallic ruler, into 15x15mm? squares for the bottom electrode and
10x10mm? for the top electrode (Figure 2.2E). It is crucial to clean the silicon to give it an
initially smooth, homogenous layer of the intended patterning material. A spray carbon
dioxide (SCD) system was used for advanced cleaning, which was built in-house to
remove the dust particles and other contaminations present on the silicon substrates
(Figure 2.2A). The SCD set-up combined with an additional technique of heating the
substrate at 240°C (Figure 2.2B) helps remove volatile hydrocarbon contamination and
reduce humidity. This method of cleaning is called ‘snow-jet cleaning’ ™2*. Following the
snow-jet clean, an additional plasma cleaning procedure is carried over the silicon
substrate (Figure 2.2C). The plasma tool used was a Harrick Plasma — PDC-32G-2
(Figure 2.2D) that function with a radio frequency oscillating electric field under a quasi-
vacuum state. Combining these factors allows the air gas to ionise and thus generate a
plasma. The plasma is accelerated onto the substrate thus removing adsorbed

contaminations over the surface.®
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Figure 2.2: (A) Schematic representation of the snow jet and respective (B) heating plate. (C) Schematic representation
of the plasma cleaning process and respective (D) plasma cleaner tool. (E) Resulting clean silicon piece (top) ready to
be sputtered coated (bottom).

2.1.3 Patterned Materials

To fabricate the EHD pillar structures, polystyrene with a molecular weight of
100,000g/mol, purchased from Sigma Aldrich, was used after being dissolved in toluene,

also purchased from Sigma Aldrich.
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2.1.4 Spin Coating Thin Films

Spin coating is a method of creating thin, homogeneous layers. For EHD lithography
experiments, an ultra-thin, homogeneous polymer film with a maximum thickness of
200nm was required. The Laurel WS-650-23 (Figure 2.3B) spin coater instrument was
used to create the required thin homogeneous films. A 75-mL solution of 3% polystyrene in
toluene was deposited on the substrate and spun into a thin, homogeneous film, beginning
at 3000 rpm and increasing the rate linearly until 6000 rpm, until the process was

completed after 1 minute, yielding a thin polymer film substrate (Figure 2.3A i-iii)."

Figure 2.3: (A) i) A solution of a solvent is pipetted onto the substrate. ii) The spin coater is then spun up, and the
solution is forced to spread over the substrate. iii) The solvent evaporates as time passes leaving a thin homogenous
layer. (B) Spin coater used for this work.

The qualitative thickness of the spin-coated film was determined using an optical
microscope (OM) and an atomic force microscope (AFM). Different colours visualised on
an OM are related to different film heights in the thin film. The thin film height can be
measured by manually performing a small indentation on the film and inspect the region on
an AFM. The spin-coated film over the silicon substrate can now be patterned by using it

as the bottom electrode on the EHD setup, allowing an EHD lithography process to be

performed to generate the EHD patterns.
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2.2 Thin Layer Gold Sputter Coating

It is not only essential to have micro/nano EHD structures but also a thin noble metal layer
is required to turn the structures into SERS active structures. The noble metal choice was
gold because of its compatible plasmonic enhancement for our pillar size, Raman laser
wavelength requirements and its overall biocompatibility. Sputter coating used in this work
functions by creating a plasma from input argon gas, and accelerating and confining the
generated plasma ions into the gold target with an electric field and a magnetic field
respectively. The impact of the ions allows gold atoms to be released from the target and
accelerated through momentum transfer, and be deposited as a thin film on the substrate

surface (Figure 2.4A).
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Figure 2.4: (A) Automatic sputter coater schematic representation of the sputter coater. The figure shows a magnetron
sputtering deposition. (B) The instrument used to sputter coat our EHD surfaces.

The sputter coater AGB7341 by Agar Scientific™” (Figure 2.4B) was employed to
coat the EHD for SERS measurements. A range of gold thickness and roughness was
obtained by varying the sputtering times and currents. The inner chamber argon gas
pressure was kept constant at 0.08 mbar throughout all of the depositions. Testing multiple

combinations with deposition times ranging from 20, 40, and 80 s and currents ranging
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from 10, 20, 30, and 40 mA yielded a fit line between different current and time values in
relation to gold thickness. The gold film surface was fine-tuned further by adjusting the
sample radial distance on the sputter coater platform. By combining these parameters, it
was possible to achieve a range of multiple grain sizes and roughness for the same

thickness, which was then used to obtain the best SERS enhancement.

2.3 Characterisation Techniques

A range of imaging techniques were used to characterise the produced devices and
substrates. Initially an optical microscopy was used however it does not resolve the
smallest features produced in our experiments. Thus additionally, atomic force microscopy
was used for a higher resolution and improved characterisation. For the analyte detection,
Raman spectroscopy was used and when performed over a plasmon active surface,

surface-enhanced Raman scattering was measured.

2.3.1 Optical Microscopy

Optical microscope images were an essential part of this work, first to assess the quality of
the fabricated structures, and then as an essential part for acquiring images for the training
of a convolutional neural network (CNN). Two different instruments were used for the
image acquisitions, the Renishaw optical system (Leica DM 2500 — Figure 2.5C) and a
research-grade microscope (Leica DM 2700M — Figure 2.5A). On both microscopes a set
of 5x, 10x, 20x and 50x objectives were used to check the EHD sample but only the 50x

was used for image and measurement acquisition. The Leica DM 2700M was equipped
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with bright-field reflection and transmission capabilities. The Leica DM 2500M was
equipped with bright-field reflection capabilities. The images were viewed and captured
using an eye piece mounted CCD camera connected to a laptop. This setup allowed to
observe the small sub-micron pillars produced and observe their colours, which indicate

the thickness of the pillar structures as well as being able to image the pillar diameters.

A set of optical measurements were taken with both microscopes after EHD
patterns were formed and after they were gold coated (Figure 2.5B and Figure 2.5D). All
the pillar images were acquired as a top view image and saved for quantitative and
gualitative analysis and for training a neural network model. Optical microscopy images
were collected using the Leica Application Suite X (LAS X) ® for the Leica DM 2700M and

WIRE 5.3 for the Leica DM 2500.
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Figure 2.5: (A) Leica DM 2700M, (B) EHD patterns from the Leica DM 2700M microscope (scale bar: 20 um). (C) Leica
DM 2500 present in the InVia Qontor system, (D) EHD patterns before gold coating from the Leica DM 2500 (scale bar:
20 um). Both EHD patterns (B) and (D) are from the same spot, the highlighted dash circle to help identify the common

patterns and to inspect the difference in quality.
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2.3.2 Atomic Force Microscopy

Atomic force microscopy (AFM) is an ideal tool to obtain precise information regarding
surface topography and mechanical properties. Here we focus on the surface topography
measurements. To operate the AFM there are two common operation modes, the contact
mode and the tapping mode, which can be conducted in air or in liquid environments.
Additionally, a cantilever needs to be installed onto the AFM system to be able to measure
the fine surface details. When performing a scan across the surface in contact mode, the
tip accompanies the sample’s topography while maintaining a balance between the force
experienced by the different surface profiles and the distance between the surface and the
tip. Different topographical features can be inspected by monitoring the deflection of a
laser beam off the back of the cantilever onto the photodiode detector sensing position.
The laser reflection spot position provides the diode with a voltage input which is
maintained constant by a feedback loop that updates the cantilever height if the balance is
not verified. These height updates will recreate the surface profile, thus measuring the
surface topography. In tapping mode, the probe only slightly contacts the surface thus this
mode is particularly useful to prevent damage in soft, fragile or adhesive surfaces during
scanning. Instead of controlling the cantilever’'s height for the feedback loop, here the
amplitude of the cantilever's oscillation is used. A constant oscillation amplitude is
maintained while scanning the surface, otherwise the amplitude is changed to
accommodate for the surface topography and thus recording these movements relate to

the topographical image (Figure 2.6Bi).

AFM measurements were performed using a NanoWizard Il (Figure 2.6A) by JPK
1% microscope operated in the tapping mode and equipped with a NCHV-A probe

(Thickness: 3.4 um; length: 125um; width: 40um; Resonant frequency: 320kHz; spring
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constant: 42Nm™). Image processing and analysis was carried out with the free software
Gwyddion ™ (version 2.55). AFM measurements were used to acquire important
experimental parameters including the initial film thickness, the lateral distances between
the generated EHD pillar structures, their heights and diameters (i.e., their aspect ratio)

and topographical imaging for the neural network.
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Figure 2.6. (A) NanoWizard Il by JPK microscope. (B) i) Schematic representation of the tapping mode function while
going though a gold structure while changing the laser reflection. ii) Laser alignment seen in the AFM software,
maximise the laser sum and minimise the lateral and vertical deflection for optimal measurement. (C) Optical microscope
image of the sample and cantilever, with a proper laser alignment (white spot). Measurement examples: (D) 1D line of a
forming EHD structure, (E) 2D representation of a rough gold surface and (F) 3D of an E. coli bacteria (image obtained
for [12]).
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2.3.3 (Surface-Enhanced) Raman Spectroscopy

Raman spectroscopy is a technique used to observe inelastic scattering interactions
between monochromatic photons and chemical vibration modes. Hence, Raman
spectroscopy is generally used in chemistry, material science and biology to identify
molecules, compounds and pathogens by means of molecular vibrational fingerprints.!*?
The Raman spectrometer (Figure 2.7B) consists of a monochromatic laser beam that is
magnified by a microscope objective, scans a sample, and is back-scattered. The incident
and back-scattered laser light are separated by a dichroic beam-splitter. Following the
optical path, the remaining laser light is split: the out-of-focus light is removed and the in-
focus-light passes through. Since Raman scattering events are very rare, the focused
scattered light needs to go through a Rayleigh filter to suppress the Rayleigh scattering.
Finally, a diffraction grating spatially disperses the different Raman bands before being
measured on a CCD. The acquired signal is elaborated with a computer, which produces

the final spectrum.

An InVia Qontor Raman spectrometer system by Renishaw equipped with a Leica
confocal microscope DM2500 (50x objective with a numerical aperture of 0.75), 633nm
RL633 Class 3B HeNe and 785nm lasers were used to acquire the Raman spectra of
EHD, gold, EHD coated with gold, functionalised gold surfaces (thiophenol and methylene
blue) and saliva. Raman analyses and data collection were performed using the dedicated

software WIRE 5.1 ¥,
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Figure 2.7: (A) Back part of the InVia Qontor Raman Spectrometer where the lasers are located. From these the 785 nm
and 633 nm were the ones used. (B) Schematic representation of the Raman spectrometer showing the main
components of a Raman spectrometer. The beam splitter splits the beam the objective aiming at the sample.
Subsequently, the scattered radiation goes through a set of mirrors, lenses, filters and gratings that cleans the scattered
radiation into the Raman scattering which is resolved in the CCD and inspected through the WIRE software.
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2.4 Python

Throughout this work, Python has been the main tool used for all the data processing and
machine learning (ML) work. Python ** has gained a huge following in recent years due to
its easy-to-learn language and large community online with multiple open-source code
available that helps new users. Python is used for a variety of purposes, one of which
being that it is the finest choice for practical neural networks. Analyzing the major elements
of the multivariate data analysis techniques used in this work, including principal
component analysis (PCA), self-organizing maps (SOM), and neural networks like
convolutional neural networks (CNN). As an extra data analysis tool, especially for data

visualization, Matplotlib package ™! was employed throughout the entire project.

2.4.1 Principal Component Analysis (PCA)

Principal component analysis (PCA) [ is a dimensionality reduction operation that
projects the data into a lower-dimensional space. PCA is the main multivariable analysis
tool to pre-process and analyse Raman data. PCA can be employed using the scikit-learn
library, specifically sklearn.decomposition. PCA uses the normalised Raman spectra map
for inputs and the number of PCA components to analyse. The number of components is
related to how the Raman data will be transformed into the PCA representation. Hence,
the number of components is related to the dimensions of the new representation. We
used only two components for the 2D plot and three for the 3D plot in the script. After the
component selection, the input normalised Raman spectra are 'fit_transform' onto the PCA
by applying the PCA.fit_transform() function, which transforms the normalised spectra into

the PCA space with the principal components (PC) PC 1 and PC 2 or PC1, PC2 and PC3
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for the 3D case. A scattered plot with the PC1 and PC2 components is plotted to inspect
the different Raman spectra in the PC space. Information regarding the different PC
variances can be obtained by the PCA.explained_variace ratio , which outlines the
percentage variance contribution in spectra separation for the different PC. This measure

highlights how well the PC separates the different Raman spectra data.

2.4.2 Self-Organizing Maps (SOM)

The self-organizing maps (SOM) implementation is set up using the miniSOM®" module,
which handle the entire SOM implementation and mathematics. In context o this work, the
SOM algorithm has been implemented to have only two input parameters, the Raman data
to analyse and the size of the SOM grid map. A hexagon represents each spot on the grid
map with inherent neural network weights, and biases randomly initialized at the start of
the SOM calculation. Each hexagon's weight and bias represent a spectrum-like signature
called the neuron activations or simply activations and is crucial to the SOM analysis. The
different Raman spectra are represented by dots placed on the SOM grid map. The
placement of the dots is determined by the spectrum-like weights and biases of the
hexagon. The som.win_map() function can access each neuron activation. Additional
information can be observed regarding the highest population sample per hexagon by the
colouring of the hexagon edge. Finally, different greyscale intensities inside each hexagon
give the boundary separations between adjacent hexagons; the darker the hexagon, the

stronger the separation, whereas the lighter the hexagon, the weaker the separation.
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2.4.3 Convolutional Neural Network (CNN)

For this work, the Python libraries used were Keras™® and Tensorflow™. Keras is a user-
friendly library that provides units to produce deep learning algorithms. This program runs
with a Tensorflow backend, developed by Google. Both provide layers that can be used
within CNNs and other deep learning tasks. These transform the data to allow the

computer to extract and understand information from them.

From Keras, we imported a pre-trained neural network called the VGG-16 to train it
on our EHD pillar images by following a similar procedure described in [20]. A pre-trained
neural network is a saved network that has already been trained on previous data, thus the
weights and biases of each interconnected neuron are already fixed. We write, "from
keras.applications import VGG16" Y to import the VGG-16 like VGG(weights=" ",
include_top=""). For the "weights", we select the already trained neural network, in this
case, the "imagenet" 1?4, which is an image database organized in hierarchies (only nouns)
in which hundreds and thousands of images were used to train the VGG16 neural network.
These weights are very robust and can be used for multiple applications. After importing
the weights, we need to modify the output layer to adapt it to our SERS/non-SERS case.
Hence, we need to exclude the "include_top" variable by adding "False" to the VGG
function. Overall, the pre-trained neural network has 14,714,688 trained parameters that
are all imported with the calling of the VGG function. By removing the VGG16 classes
output, we need to manually define our densely connected classifier, which can be done
by adding a Dense layer with two output nodes (SERS, non-SERS)
"model.add(layers.Dense(2, activation='sigmoid’))" (Figure 2.8BA). Sigmoid here is an

activation function that, depending on the input, the output will be activated (1) or turned
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off (0), similar to how transistors pass current or not depending on the input gate voltage,

thus predicting to which class the input image belongs to.

Additionally, when training our data with the pretrained neural networks, the
parameters imported will stay fixed, hence we need to add an extra function to train only
some parameters of our pre-trained model. This process is called fine-tuning. Here, only
the bottom layers of the VGG16 will have their parameters ready to be trained for the new
data. The process of tuning the layers to be able to learn is called "unfreezing" the layers.
The overall fine-tune process gets its name because only the bottom layers will be trained,
and the bottom layers are responsible for the abstract representation of the images; thus,

training these will make the VGG16 "fine-tune” to the new dataset (Figure 2.8B).

On the other hand, earlier layers do not need to be trained since they are more
responsible for encoding more generic, reusable features, which are mainly common in all
objects, for instance, the edges of any shapes like circles, triangles, or squares. The fine-
tune will be performed with a very low learning rate for the bottom layers to make the

neuron weights more resistant to change, thus fine-tuning them.

48



>

SERS

Input
S

Conv 1-1
Conv 1-2
Pooing
Conv 2-1
Conv 2-2
Pooing
Conv 3-1
Conv 3-2
Conv 3-3
Pooing
Conv 4-1
Conv 4-2
Conv 4-3
Pooing
Conv 5-1
Conv 5-2
Conv 5-3
Pooing
Dense
Dense
Dense

nonSERS

Frozen| Train

o

SERS

"

Input
Conv 1-1
Conv 1-2

Pooing
Conv 2-1
Conv 2-2

Pooing
Conv 3-1
Conv 3-2
Conv 3-3

Pooing
Conv 4-1
Conv 4-2
Conv 4-3

Pooing
Conv 5-1
Conv 5-2
Conv 5-3

Pooing

Dense

Dense

Dense

nonSERS

Frozen Fine-tune
Figure 2.8: (A) VGG16 architecture adapted for the new output layer SERS/non-SERS (B) VGG16 architecture for the
fine-tuning of the bottom layers. The complete training of our CNN goes first through (A) and then (B).

Our dataset passes through an initial frozen VGG16 model to train the added Dense
layers for our specific SERS/non-SERS dataset and then train the same VGG16 model

with the bottom layers unfrozen, hence generating a very specific model for our dataset.

2.5 Other Software

All figures were composed using Inkscape 1.1.2 # in combination with GNU Image
Manipulation Program (GIMP) 2.10.28 4. References were organised with Mendeley ..

Document was done in Libre Office 9,
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CHAPTER 3

Electrohydrodynamic Lithography: Theoretical

Background, Simulations and Height estimations
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3.1 Abstract

The theoretical background of the electrohydrodynamic lithography physics using the
Navier-Stokes equation is discussed in this chapter and expanded into five different small
sections that function to understand better specific experimental conditions identified with
the EHD lithography. The initial mathematical procedures to solve the Navier-Stokes
equation and derive the dispersion relation have been made previously in [1-6], here these

same equations were revisited and expanded for three situations:
1) Simulation of the dispersion relation for the parallel EHD configuration,

2) Solve the partial derivate equation of the simplified Navier-Stokes equation to simulate

the EHD growth,

3) Develop the EHD framework for the tilted geometry capacitor with the respective

simulation of the dispersion relation,

Additionally, two formulations related to how the EHD is analysed using an optical

microscope were created to facilitate the estimate of the EHD pillar structure:
1) Formulate a colour-to-thickness converted for EHD optical image,

2) ldentify an EHD mass conservation law that allows estimating the pillar heights from an

optical microscope image.

These extensions to the EHD theoretical background and EHD applications have been the

main addition to previous works and thus are part of this manuscript.
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3.2 Electrohydrodynamic Theoretical Background

3.2.1 Parallel Capacitor: Electrohydrodynamic Dispersion
Relation

A typical experimental setup is shown schematically in Figure 3.1. The z—coordinate of the
film’s interface is given by the height h=h(x,t) where x is the lateral coordinate and t is the

time variable.

Z

A

Silicon electrode

y Air

L LA A7

Silicon electrode

h=h(x,t)!

Figure 3.1: Schematic diagram of a thin polystyrene film with a thickness h on a silicon substrate with an air gap and a
top silicon electrode. Outlining the undulations, with a wavelength A, caused by the polymer Brownian motion.

The EHD analysis assumes multiple initial conditions.

* A thin polymer layer is spin-coated on to a silicon substrate and then placed in a
capacitor setup, by placing another silicon substrate above the first coated substrate

separated by an air gap.

* A Brownian motion exists on the surface polymer molecules, which have a low

amplitude resonant wave at the surface.

» Surface tension, y, is the dominant force opposing the surface fluctuations,

attempting to reduce the overall surface area.
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« an electric field Ep is applied across the two electrodes generating a high

electrostatic pressure

Our goal is to simplify the Navier-Stokes equation to formulate the dispersion relation. For

that, we can simplify the system as follows:

1) The height of the polymer is only dependent on one coordinate since the initial

undulations are very small.

2) Assume the height variation is a constant plus a sinusoidal undulation with a

wave number g, amplitude { and frequency 1/t in Equation 3.1

hlx,t/=he+ ™" (3.1)

3) Considering the Navier-Stokes equation for an incompressible Newtonian fluid™:

ov

pa+p[:v-V)v=—Vp+r]V2v+pg (3.2)

With p the fluid density, v the fluid velocity, p the total pressure of the system and n the

viscosity

Expanding the terms in Equation 3.2 with respect to x.
+p[u

4) High viscosity results in a low flow velocity, thus the quadratic term in the Navier-
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Stokes equation can be neglected: u +v +w
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5) With slow dynamics, the velocity profile can be considered as a quasi-steady-

av

=0
ot

state: p

6) For thin-films with dimensions smaller than the capillary constant, gravity does

not have an influence on the shape of the interface: pg->0

7) Considering that the film oscillations A (Figure 3.1) are much larger than the film
thickness ho and that the film thickness is much larger than the film fluctuations amplitude

(Equation 3.1)

Simplifying the Navier-Stokes equation into the following two-dimensional equation in the z

and x coordinate:

d
a—‘Z’=0 (3.4.1)
dv|_10p
Uiyt i (3.4.2)

From Equation 3.4.1, the pressure is constant along the z axis and it is only a function of

X. Integrating Equation 3.4.2 with respect to z,

_1(9p
2n

vizl 0x

e z+c, (3.5)

8) The velocity profile can be calculated by solving the boundary conditions using

the lubrication approximation®: v(z=0|=0-c,=0
Ov 9py,

9) and no lateral stresses at the film surface: v(z=h|o =n E:O»clzz x

Obtaining
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op z(z—2h) (3.6)

10) Using mass conservation, any change in film height yields a flow in the lateral

direction:

oV _0A dlAv| . 0A_ 0j  0h_ d(hv)
_— — > = — 7
5t ot KT e X T e o ox (3.7)

The minus sign is related to the direction of flow. The flow is written as j=Av and A=h in

a one-dimensional case.

The average velocity in the film is the integration in z though the film height.

op (3.8)

Finally, substituting Equation 3.8 in Equation 3.7, yields the equation of motion for the

film surface.
oh_ o0 |h dp
dt 0x|3n0x (3.9)
There are multiple pressure forces acting over the polymer film in the rest state.
plhI=po* poay hl+p [+ P (h)+py(h) (3.10)

The ambient air pressure po, the van der Waals (vdW) intermolecular forces pvaw, the

Laplace pressure p,, any excess pressures pex, Which in this case is the electrostatic
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pressure pe and finally the disjoining pressure pgs coming from the attractive force

between two surfaces®.

However, for the electrohydrodynamic setup, the dominant pressure is the electrostatic
pressure caused by the differential potential applied between the two capacitors and the

Laplacian pressure. Thus, the previous equation can be simplified into

plh|=p,(h|+p,(h) (3.11)

The electrostatic pressure can be calculated using the free energy stored in the capacitor

equation,

F=F,—=CU’ (3.12)

With C being the capacitance and U the potential difference applied. The electrostatic

pressure is given by:

_14F_-U’dC
Aodh 2A 0h

Per (3.13)

The polymer-air double layer can be visualized as a series capacitor systems ¢, ~1

air

From Figure 3.2, the parallel capacitance setup is equivalent to having two capacitors in

parallel. Thus,

1__ 1 1 _ h  d-h _&d-le"1h
c C Cu &E,A &é&, A &€, A

dielectric air air

(3.14)

Reformulating with the inverse, and perform the derivative with respect to h.
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c= sospA

_8pd—(€p—1)h (3151)
a_C:_ Agosp(gp—l)

dh [,spd—(sp—l)h}2

(3.15.2)

Substituting Equation 3.15.2 into Equation 3.13, the destabilizing electrostatic pressure

equation is obtained™ following the leaky dielectric model™".

) :_ia_cz_l £0£p(£p—1)U2
“ 2A0h 2 [spd—(sp—l)h]z

(3.16)

air

(-lc-;;-r++++++++++++++++++ C\D C\D
e — o

Figure 3.2: An applied electric field leads to the polarization of the dielectric polymer layer, yielding an attractive

interaction between the charges at the polymer-air interface with the charges at the upper electrode. The layered system

is equivalent to a sum of two capacitors in series.

The Laplace pressure is given by the surface tension and the Laplacian to the position

0°h
pL(h)=—y§ (3.17)

Combining Equation 3.17, Equation 3.13 and Equation 3.11, leads to the total interfacial
pressure combining the destabilizing electrostatic pressure and the stabilizing Laplace

pressure.
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a2h_l eospfsp—l)Uz

plhi==y ox’ 2 [gpd—(ep—l)hr

(3.18)

Which is described by the linear stability analysis of a free liquid film?. Substituting

Equation 3.18 in Equation 3.9 and applying the chain rule.

oh _ h’0hop h d'p _

ot noxox 3ndx*

W oh| 8°h 0p,dh| h*| 3'h 9'p, 0p, &h (3.19)
mox| Vaxan ax[T3n| Vox o T oh ax
Finally, obtaining the dispersion relation by removing terms above O(Z?)
Ot |-y TheSPahliopey (3.20)
Obtaining the dispersion relation by substituting Equation 3.1 into Equation 3.20.
1 —3’:: yq4+%qzl (3.21)
When 72w |, the right hand side of Equation 3.21 can be rewritten as:
yq4+aal;;l qzl:O:with g=x=|yx’*+ aa’;‘” x|=0 (3.22)
Solving Equation 3.22 for x and ignoring the trivial solution x=0 results in x:-%, 361;:1_

. . . . . : ODa .
Substituting back into g Equation 3.22, yields two possible solutions 0<g= %/ al;]’. gisa
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0 . . ,
real number if %w which would translate to an amplification of the film growth rate to an

.0 .
unstable regime. Otherwise, q is a complex number if ﬂ>0 which would equate to a

Oh
damped solution thus making the film growth stable.

For the amplified case, the fastest growing mode is given by
1 |0p,
=== 3.23

Performing the derivative of the electrostatic pressure Equation 3.16 with respect to h,

yX2+ apel X

ah =0=>x

dx

:L 6pel
max Zy ah

1
('gpd_(gp_l)h)z

_ gogp(gp_1)2 U’
~Te,dle, T =20

0py_ &E -1)U* 5

p(‘gp o

oh 2 oh

In terms of wavelength, A=2x/q combined with Equation 3.24, the maximum

wavelength is written as

[ 3
_ 2y 2y(8pd—(‘gp—1)h) 305
Ana=2T |ape1/ah|_2n\/ £ € gp—l)zU2 (829

o

Finally, the associated maximal growth scales as proportional to the fourth power of the
dominant wave vector, and is proportional to the ratio of surface tension to viscosity for a

given A:

1 _yh s
- 3’7 Qmax (326)

Tmax

Combining Equation 3.21 and Equation 3.24, results in the general dispersion relations
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(3.27)

Let us give some values to all the variables in Equation 3.27 y =30mN/m,

n=15x10*Pa.s, §=8.85x10 “F/m , ¢,=25 , d=10 °m , U=40V .

The independent variable in this case is the initial polymer height h=10"°m - 10 °m , and

the wavenumber g=1.000 - 2.000.000m ' from the dispersion relationship.
The Python code to execute Figure 3.3 is given in the Annex section B.3. In the dispersion

relation we highlight the variation of the frequency 1/, as a function of both polymer
height and wavenumber (h, q) in (Figure 3.3 A). Highlighting the region when damped
(violet and dark blue) to amplified (green, yellow and red). Some values of (h, q) result in a
non-physical frequency highlighted by the blank region. In Figure 3.3B, we highlight the
different parameters relation to each other, Figure 3.3Bi related the dispersion relation
frequency 1/t as a function of g, the stable/damped in violet and blue and
unstable/amplified regime in cyan, green, yellow and red are presented. Figure 3.3Bii
highlight the electrostatic pressure derivative with polymer height for different polymer
heights, showing the polymer breaking point at around 1.65 x 10 °m height. The breaking
point is also replicated in the electrostatic pressure plot (Figure 3.3Biv). The polymer
breaking point represents the change between the polymers’ growth regimes, from stable
to unstable. Finally in Figure 3.3Biii we show the relation of q. and q,, variation with

polymer height, reaching a point where it breaks when 0 p,,/d h<0.
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Figure 3.3: (A) Contour plot of the 1/t, in relation to q and h. To note regions of 1/7>0 and 1/1<0 and undetermined
regime in blank. (B)i) 1/t as a function of q, the stable and unstable regime present. ii) dpe/Oh variation with different
polymer heights, showing breaking point at around 1.65x10°m. iii) q. and gmax variation with polymer height, reaching a

point where it breaks 0p./0h<0 when. iv) pe variation with film thickness and representation of the breaking point.
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3.2.2 Tilted Capacitor: Electrohydrodynamic Dispersion
Relation

In practise, the EHD setup is not perfectly parallel, and there is usually a slight tilt between
the substrates. A new mathematical formulation for the dispersion relation can be obtained

using this new geometry.

L

Figure 3.4:Tilting provoked by the different size spacers. With 6 being the incremental height resultant from the tilting
angle.

The small tilt shown in (Figure 3.4) results in a slightly different air capacitor term to the

parallel capacitance equation in Equation 3.14.

11 1
Cc C = (3.28)

dielectric C air

By considering the tilt geometry, the additional contribution from the tilt to the air

capacitance can be calculated by integrating over the region. Assuming e,~1
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-1

L L L
: &,(wdx) EgW dx EW 5x
.= = = _— d
Cair {d_d_ma‘x d—6—h{ 5x d—é‘—h‘! 1+L(d—6—h) X (3.29)
- 14—
L L(d—8—h)
Simplifying by using the following relation, § <d»(1+x|"~1+nx and A=wL
EW | ox
c,=——||1-——————1d 3.30
d—5—h{( Lld—6—h)|" (3.30)

Let A=d—4&—h and integrating with respect of x results in the new air capacitance formula

air A _ﬂ (331)

. A
C, = [1 0
The tilt is indeed something that can be observed through an optical image acquisition of
an EHD pattern. A colour gradient can be observed among different EHD patterns (Figure

3.5). Each colour represents a different height.

(wu) ybiay suauAisA|od

200

Figure 3.5: Optical microscope image of an EHD pattern using different height spacers. Polystyrene colour to height

conversion from [2].
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The equivalent capacitance in this tilted geometry is then given by

1 — 1 + 1 _ h + A 1
C’ Cdielectric C 'air 80 ‘gp A 60 A 1— i
24 (3.32)
_h A §]_ h d-h-6§_ 6
R~ +—|1+—|= + +
£ €,A A 24| e, A §A 26 A

Which can be written as Equation 3.14 plus the tilting contribution.

1 __h . d-h_or_&d-le=th 52 _1
C' ge, A §A  gA &E,A §EA C,

1
— (3.33)
C,//

Let d =d—&/2, substituting in Equation 3.33 and get an equivalent form to Equation

3.15.1.

C= &€, A
g,d ’—(ep—ljh

(3.34)

The dispersion relation calculation follows as in the parallel case, now with an added
parameter 6 which by itself can influence which regime the polymer growth is in. The same
formulation as previously described was tested, with 0<§<0.8 ym. When 6 =0, the parallel
plate condition is verified (Figure 3.6i). The polymer height was changed from
0.1 pm<h<0.2pm the height air spacing was fixed d=1pm. The air gap at the highest tilt
point can reach approximately O when d=1pm, §=0.8 um and h=0.2um (Figure 3.6ix). At
the lowest tilt point (i.e. parallel capacitor set up) the air gap reaches 0.9 yum when d=1pum,
h=0.1pm and 6=0um (Figure 3.6i). The air gap height difference influences the growth

regime in the EHD growth.
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Figure 3.6: 1/t as a function of q for different tilting & values, the stable and unstable regime present. The parallel

capacitance geometry is verified for 5=0 um, by the similar dispersion regime identified in Figure 3.3Bi. When increasing

the tilting values the amplified regime becomes extremely amplified, red line curvature from 0<6<0.7um (i - viii). For

highest tilting §=0.8um (ix) the growth regime is completely damped.

Hence explains the difficulty in precise control for the EHD growth without patterning the

top electrode™. The full Python script used for the plots can be inspected in annex section

B.5.

3.2.3 EHD simulations

To finalize the EHD discussion a simulation work of the differential equation given in

Equation 3.19 for the parallel EHD configuration, but now in 2D

dh_hohdp h dhop h &p h'&p
ot noxdx ndydy 3nax* 3ndy’
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In partial differential equations (PDE) format the previous equation can be written as

b’ K’
ht:_hx - y(hxxx+hyyx)+h ph]+_ { y(hxxy+hyyy)+hyph}
) L (3.36)
+§7 _y(hxxxx-l-h )+phh+ph XX [_ xxyy yyyy)+phh+ph yy]

In this equation, subscripts x and y denote the spatial derivatives and subscript t denotes

the time derivative. Here p is the electrostatic pressure.

Rewriting as well the electrostatic pressure from Equation 3.24 as,

pe- le,—1|U
Y 2
-1 3.37
g,d’ 1-% "7y ( )
EP
And simplify with A=- U and B=52"" 50 that p=—25— p=- 228 _and
d £,d nt" " 1-Bh)
= 6AB’
" 1—Bh*
thus Equation 3.37 turns into
h’ 2AB
h:—hX -Y hxxx+h <) N
‘o ( ) '1-Bh[’
+h’ 2 AB’
Thy _y(hxxy+hyyy)_(1—Bh)3 y]
3 3 2 (3.38)
N (p 4n )4+ 8AB _ 2AB
3’7 XXXX YyXx {I_Bh}A (1_Bh)3 XX
+_h3 _ (h +h )+ 6AB3 _ 2AB2
37,] y XXyy nyy {1—Bh)4 (1—Bh)3 yy

Equation 3.38 was written into a Python script and is in Annexe B.6. To solve the PDE, a

loop was run over the small height increment to the film thickness, until the sum of the
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initial film thickness and

calculated as:

the increment passed the air gap

. The height increment was

h? 2AB
_hX - hXXX+h X ) X
n 4 ) |1-Bh/’
2 2
ihy _y(hxxy"'hyyy)_ 2AB 3hy
dh=dtx 1 1-Bh|
+h’ 6AB° 2AB’ (3-39)
5 _y(hXXXX yyXX>+ 4_ 3 hXX
31 \1-Bh|* [1—-Bh|
+h’ o ) 6AB’ 2AB" |
37,’ xxyy vy (I_Bh)4 (I—Bh)3 yy

Iteratively, the new h is calculated as h,=h,_,+dh,_, with / the iteration value, with the
stopping condition when the new h; reaches the top of the electrode. The results of the
EHD growth in 2D are shown below (Figure 3.7). Highlighting the difference between the
initial stage and the final EHD growth stage (Figure 3.7A and Figure 3.7B), with the stop

condition achieved when the film thickness passes the capacitance air gap (Figure 3.7C

and Figure 3.7D) on the 40" iteration.
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Figure 3.7: (A) Cell of the initial EHD condition with small surface fluctuations given by a sine wave as a function of x
and y distance. (B) Last iteration of the EHD process. Multiple nucleation site separated by a A with one spot reaching
the top of the electrode, stopping the iteration. (C) Check the spot of high growth in a 2D representation (slice of the 3D
Figure 3.7B) at the start of the run and at the end. (D) 1D representation (point of the 3D Figure 3.7B) of the highest

growth spot per iteration and observing the exponential growth trend.

3.3 Alternative methods to determine
Electrohydrodynamic pattern heights

3.3.1 Colour to Height conversion

As previously mentioned, the tilting growth of the EHD patterns makes the appearance of
different coloured structures. Colours in the different structures result from the interference
of the two reflected beams at the polymer-air and the polymer-substrate interfaces of the
incident white light of the microscope. These two beams can either interfere constructively

or destructively. Therefore, interference from a structure with a given height enhances or
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cancels particular wavelengths, and the film will appear differently coloured depending on
the structure height. From [2], EHD colours have a distinct colour formation for different
film thicknesses. From 20nm (light brown), 70nm (dark brown), 100nm (dark blue), 140nm
(light blue) 200nm (yellow), 250-280nm (purple), 290nm (blue), 310nm (turquoise), 330nm
(green), 350nm (yellow), 400nm (light purple), 420nm (green), 460nm (yellow), 520nm
(pink) and alternating light green and pink up to approximately 1.5um until it changes to a

transparent grey.

Thus, using this matching between colour (RGB) and thickness (nm) values,
thickness information can be extracted from an optical image. To manage the conversions
from optical colour image to height image, a Python script was written. The code is
available in Annex Section B.3. The relationship to convert from RGB to polystyrene film
thickness was obtained from Figure 3.8B by fitting a linear curve
thickness|RGB|=ax RGB €(0,1]+b to the previous data points. An additional auxiliary
function (Figure 3.8A) was used to track the three individual RGB values and convert them
into a scalar number between 0 and 1, which, when combined with the fit line, converts the

optical image into the appropriate height.

From the best-fit line the parameters obtained were a=456.6 and b=1.1. Thus, any
optical EHD pillar image can be loaded, and processed by using these parameters and
thus convert the image into a thickness EHD pillar image. Here are some examples to

illustrate how this method works.
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Figure 3.8: (A) RGB values variation from the colour spectra of polystyrene, which are used to convert into a single
value between 0 and 1, represented by the polystyrene calibration colours. (B) Polystyrene RGB values ranged between
0 and 1 (represented by the polystyrene calibration colours), and respective curve fit. (C) Top view of some EHD pillars
examples and their colour to thickness conversion (i-iv), and respective matching in the calibration curve in (B).

The colour to thickness conversion method has its shortcomings. Colours are not
clearly defined when zooming in on the individual pillars. The colour becomes distorted
due to the quality of the image file formats. There are also colour repetitions like yellow,
blue and pink/purple that appear more than once, which makes the script inaccurate for
these colours. Furthermore, the background is not completely white, so a script needs to
be developed to mask the substrate when computing the colour-to-height converter for the
pillars. Moreover, the EHD pillars have a border that affects the colour and height. The
optical microscope acquisition brightness setup can also influence the colour of the pillar

and thus its thickness conversion.
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Despite these drawbacks, this method opens many possibilities for representing the
pillars. A pseudo-3D AFM image can be acquisition by plotting the converted height to a
3D plot. The x and y values are by the image scale bar and the z by the colour-height

conversion script. Here are some example (Figure 3.8Ci-iv) of the conversion into full

pseudo-3D pillars (Figure 3.9i-iv).

f240
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%300
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+240
+260

+340

Figure 3.9: (i-iv) 3D pillars image after applying the colour to thickness converter on the pillar optical images from
Figure 3.8Ci-iv.
The 3D pillar representation from the colour to thickness conversion script outlines

the lack of definition from the optical image. The individual pillar images have around 50-
70 pixels per size, while an AFM image would obtain around 256-1024 pixels per side. The

information gained from the AFM makes the image quality higher, although the time to

acquire these images is also higher.
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Despite all the drawbacks of this method, it opens up the possibility of getting height
information related to optical images by having a calibration curve to translate from colour
(RGB values) to height (nm), which can potentially be used in any polymer that behaves

the same way. Furthermore, this method will improve with better optical setups.

3.3.2 Electrohydrodynamic Mass conservation

There is an interesting property when forming EHD surfaces. The initial polymer mass is
conserved after the EHD patterns generation. Imagine that we initially have a polystyrene
film with thickness t and area coverage A. This occupies a volume and a mass, that after
the EHD process, is converted into an n number of pillars with height h and radius r. The

mass before the EHD formation and after needs to be conserved and thus:

— — 2
Am=0 - ppolymer Afilm hﬁlm_ ppolymer npillar hpillar Yy rpillar (340)

By rearranging Equation 3.40, we can formalize an equation to approximate the

height of the pillars in a region.

Ahg,
hpillar = ni r2 (341)

pillar

To test this formula, we calculated the pillar heights of 5 different spots (Figure
3.10Aii red squares) in an optical image as a proof-of-concept of our method. The film is
initially coated with a hg,,=100nm layer, represented in Figure 3.10Aiv, and respective the
thickness point is illustrated in Figure 3.10Ai with a red cross. The number of pillars inside

each red square, n, was recorded, and since the red square inevitably makes some pillars
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appear in the boundaries, the error for the number of pillars was given as an average
value for the number of pillars cut from this selection. The radius of each pillar, r, was
calculated using ImageJ software, first by selecting the scale bar dimension and then
calibrating it to select all the different pillar diameters, then halved for the radius value.
However, there is some irregularity in the pillar radius, and the pillar dimensions have a
large variance, as can be observed in Figure 3.10Aiii, having an error between 17-32% of
the value. Finally, the area of the selected red regions A was chosen to be equal to
400 um’, the area of each red area. With these considerations, we can estimate the height
of the pillars, which we have calculated in Figure 3.10Aiii. These points were highlighted
in Figure 3.10Ai next to the previous colour versus thickness diagram. These new
calculated points match the overall trend fitted in the previous chapter. With these
calculations, we show a simple way of estimating the pillar height based on the number of
pillars, pillar radius, initial height, and areal region, all parameters that can be obtained

from an optical microscope image.
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Figure 3.10: (A) i) Polystyrene colour variation with thickness, with added height points for 1-5 related to the different
regions in ii) showing that these fit nicely onto the best fit line, and a cross from initial film thickness in iv). ii) Optical
image of an EHD patterned surface, for proof-of-concept test of [Equation 41] over 5 different EHD region. iii) Table
classification for the different pillar colours and respective parameters, number of pillars, n, radius, r, and the calculated
thickness, t. iv) Initial polystyrene film optical image before EHD formation.

3.4 Conclusion

This chapter examined the physics underlying the production of EHD. Different
experimental geometries were examined, including the common parallel capacitor
configuration and its extension to the tilted configuration, where differences in the
dispersion relation between the two cases were examined. Additionally, the parallel
configuration dispersion relation was extended to 2D, and the PDE was simulated with
similar results to reality. Moreover, two different analyses were done on the EHD optical
imaging. One is related to the conversion between EHD pattern colours and heights by

following a linear relation between EHD colours and thickness, and the second is a relation
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between mass conversion between the initial film deposition state and the after EHD
pattern formation. Both are alternative ways of estimating the height of EHD patterns with

only an optical image without performing additional measurements.
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CHAPTER 4

Electrofluidynamic Patterning of Tailorable
Nanostructured Substrates for Surface-Enhanced

Raman Scattering

1



This work was published has “Gomes, P.D.C., Rickard, J.J.S., Goldberg Oppenheimer, P.
“Electrofluidynamic Patterning of Tailorable Nanostructured Substrates for Surface-
Enhanced Raman Scattering”. Vol. 3, ACS Applied Nano Materials. American Chemical
Society (ACS); 2020. p. 6774-84. Avalilable from:
http.//dx.doi.org/10.1021/acsanm.0c01190 ”, and my contribution as the first author was in
the EHD fabrication, SERS data acquisition, AFM data acquisition, analysis of the
relationship between the aspect ratio, nano-rims, nano-cavities, and nano-roughness to
the SERS signal enhancement, and development of a CNN for the identification of 2D

AFM profiles of EHD pillars regarding their SERS enhancement (IF SERS active or not).

Other authors' contributions to the paper included the creation of the top-electrode
patterning with the ideal EHD shape for SERS enhancement, as shown in Figure 4.4. The
mechanical setup for fine-tuning the height adjustment, signal enhancement simulations
for these EHD patterns, and finally the spike-and-recovery assay with spiked artificial

blood plasma deposited on the fabricated substrates.

4.1 Abstract

The unique attributes of surface-enhanced Raman spectroscopy (SERS) make it
well suited to address the challenges associated with portable diagnostics. However,
despite the remarkable progress in this field, in which the instrumentation has made great
strides forward providing a route to the miniaturization of sensing devices, to date
producing three-dimensional low-cost SERS substrates which simultaneously fulfill the
multitude of criteria of high sensitivity, reproducibility, tunability, multiplexity, and
integratability for rapid sensing has not yet been accomplished. Successful implementation
of SERS requires readily fine-tuned nanostructures, which create a high enhancement.
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Here, an advanced electrofluidynamic patterning (EHD) technique enables rapid
fabrication of SERS active topographic morphologies with high throughput and at a
nanoresolution via the spatial and lateral modulation of the dielectric discontinuity due to
the high electric field generated across the polymer nanofilm and air gap. The subsequent
formation of displacement charges within the nanofilm by coupling to the electric field yield
a destabilizing electrostatic pressure and an amplification of EHD instabilities enabling the
controllable pattern formation. The top of each gold coated EHD fabricated pillar generates
controllable, high SERS enhancement by coupling surface plasmon modes on top of the
pillar, with each nanostructure acting as an individual sensing unit. The absolute
enhancement factor depends on the topology as well as the tuneable dimensions of the
nanostructured units, and these are optimized in the design and engineering of the
dedicated EHD apparatus for reproducible, low-cost fabrication of the three-dimensional
nanoarchitectures on macrosurfaces, rendering them easy for integration in further lab-on-
a-chip devices. This unique combination of nanomaterials and nanospectroscopic systems

lay the platform for a variety of applications in chemical and biological sensing.

4.2 Introduction

Surface-enhanced Raman spectroscopy (SERS) has been undergoing a renaissance in
the past decade, on a trajectory to become the best-positioned analytical technique to
posture significant impact on portable sensing. SERS, due to its distinctive attributes of
rapid detection, high-sensitivity heightened with the capability of detection down to single
molecule levels 7, as well as multiplexing, all while requiring no complex sample
preparation, can be easily deployed for a breadth of applications ranging from homeland
security through to medical diagnostics, biochemical sensors and onto food pathogenesis.

Nevertheless, despite the large amount of SERS-related research activity being pursued,
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the field still poses many challenges to be addressed due to the numerous conditions with
the majority of which must be fulfilled simultaneously for SERS to become a well
established sensing tool. Any imperfections in substrates will have a significant effect on
the definitive response, alongside this, SERS-active platforms are often plagued by
irreproducibility, instability, and a lack of tunability toward specific molecules. While high-
enhancement is possible with SERS-active nanoparticles (NPs), only a miniscule fraction
exhibits SERS activity, which also have a high-sample variability and poor batch-to-batch
reproducibility, all substantially affecting the reproducibility of the measured signal®*2, This
is exacerbated by both the use of surfactants to stabilize the NPs and the control of their
shapes and aspect ratios, which in turn tend to reduce the subsequent attachment of the
target analytes as along with the lack of established methods to further assemble the
fabricated SERS-active NPs into distinctive “hot-spots” on macroscale ranges.
Furthermore, SERS substrates with tuneable localized surface plasmon resonances
(LSPR) which can be easily interfaced externally (e.g., in electrochemical devices) or
integrated internally (e.g., inside microfluidic chips) are needed to gain the required,
consistent, tailored high enhancement, a challenging task for NPs-based SERS systems.
Therefore, lithographically structured substrates exhibit a great potential to intrinsically
overcome these problems for enabling consistently reproducible SERS measurements.
However, despite the significant advances of patterning methods and enhanced
microfabrication techniques, the vast majority of synthetic “bottom-up” and “top-down”
routes to generate SERS nanostructures are still based on conventional lithographic
approaches. These include for instance photolithography, electron beam lithography, and
focused ion beam (FIB), which are not only time-consuming and cumbersome but also
require precise integration of multistep processes, ®2% |imiting the scalability of the

resulting platforms, resulting in substrates that are far too expensive for practical
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applications. Inadequate resolution of the mould, two-dimensionality, the inevitable
defects, poor mechanical stability, and pattern distortion collectively constitute the further
limiting factors of micronanolithographies and other imprinting techniques. The fluctuating
SERS enhancement measured across a single, as well as seemingly identical substrates,
further exacerbates the downsides of the current fabrication processes. These limitations
have driven extensive efforts to explore novel processes for the fabrication of highly
ordered 3D structures with nanometer periodicities and underline the continuous, unmet
need for high-throughput, reliable, and cost-effective methods to develop tuneable, three-
dimensional micronanoarchitectured surfaces to deliver highly reproducible, laterally and

spatially consistent SERS enhancement. 68

Here, an advanced technique of fabricating highly reproducible structures via
controllable electrofluidynamic patterning (EHD) combined with a novel nanolithographic
device was developed to determine the needed level of control required to generate tailor-
made, structured submicrometer SERS platforms (Figure 4.1) with fine-tuned
nanoarchitectures (in contrast to NPs) wherein uniquely, each of the individual structural
units yields a high enhancement. Importantly, this contrasts typical SERS active
substrates, which act as collective surfaces for signal augmentation and which often
encounter numerous difficulties in controlling the fabricated morphologies ranging from
nano to micrometer scale onto the overall macrosurface. It has been previously
demonstrated that the combined use electric field and hydrodynamics for lithography by
patterning dielectric materials, conductive and crystalline materials, superapolar lotus-to-
rose hierarchical nanosurfaces, with controllable alignment of the internal
nanomorphologies. #°*2 Building upon these principles, in this study a systematically
exploration of the localized plasmons in different nhanogeometries, delivering an intuitive

guidance for appropriate nanostructure design and introducing intelligent engineering of a
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novel nanolithographic device, which is further exploited to fabricate and control the
metallic nanomorphologies with an inherent nanoroughness for tuneable surface-
enhanced Raman spectroscopy. Optimized EHD further enables the controllable
fabrication of the desired platforms for multiplexed SERS detection. Building upon the
vibrational spectroscopy principles, intimately dependent on the interplay between the
laser excitation wavelength and the structural unit shapes and dimensions, an in-depth
characterization and optimization of the EHD generated architectures have further been
carried out to enable the fabrication of tailor-made SERS substrates (Figure 4.2).
Tunability of the structural dimensions was possible via the independent control of various
experimental parameters. For instance, the strength of the applied voltage (and thus, the
generated electric field) allowed control of the speed and the consistency of the patterning
as well as dictate the characteristic wavelength of the instability which, in turn, determined
the spacing/pitch between the fabricated pillars. The filling ratio enabled the regulation of
the structures’ diameters. The small gap between the electrodes was carefully adjusted via
the use of (nano) spacers with various dimensions which, controlled the achievable
heights of the structures. Tuning any of these parameters allowed the fabrication of
controllable diameter, height, and pitch, all dictating the optical responses of the
structures. This tunability yielded the subsequent design of substrates that generate strong
localized electromagnetic fields at optical wavelengths that are required for the optimum
SERS excitation by different laser sources. Interestingly, depending on the EHD generated
topographic morphologies of the top structural individual unit surfaces, which varied
between a nanorim, planar, or roughened top, certain topologies exhibited considerably
more enhanced SERS signal, which further guided the design of the dedicated electrode
for reproducible fabrication of SERS substrates with optimum performance. Subsequently,

a novel apparatus for fabricating high-precision, controllable EHD SERS-active platforms
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with optimal structural parameters for reproducible SERS was designed and engineered.
Validation bioassay comprised of the gold coated predesigned pillar structures are further
utilized for rapid detection of traumatic brain injury indicative biomarkers, demonstrating
that patterned EHD arrays can act as straightforward and cost-effective substrates for
high-throughput SERS detection. Overall, EHD-based patterning postures salient
advantages over other lithographic methods, including the inherent tunability of the
fabricated nanoarchitectures (via directly adjusting the various experimental parameters),
straightforward single-step patterning, the speed which can be easily controlled via the
chosen material to be patterned (with the instability being directly proportional to the
viscosity #*24) cost-effectiveness of the fabricated substrates (made from low-cost
polymers coated with a gold nanolayer), scalability, and the ease of integration within a
lab-on-a-chip. These characteristics lay the basis for the design of highly reproducible
SERS-active arrays with controllable localized plasmonic fields for a variety of lab-on-chip

sensing devices.

4.3 Results and Discussion

The EHD method of fabricating a platform for SERS comprises of assembling a
microcapacitor device with bottom and top surfaces, facing each other, used as two
opposing electrodes. A thin polymer film with an initial thickness, h (h = 80-100 + 21 nm)
is deposited on a bottom electrode, and a second top planar electrode is placed at a
controllable distance, d (d = 150-800 £ 53 nm), leaving a certain air gap, which can be
adjusted to micronanometer levels of precision (Figure 4.1a). The layered system is
therefore equivalent to a sum of two capacitors in series filled-in with polymer and air

layers. Subsequently, the film is fluidified, by heating the whole microcapacitor to an
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elevated temperature (i.e., above the glass transition temperature, Tg, of the polymer film)

and in parallel applying an external voltage, V, which in turn generates a high electric field,

Et (~108 V/m) within the small capacitor's nanogap, d' across the dielectric material. The
EHD induces and successively exploits the evolving surface instabilities to generate
tunable lithographically defined structural morphologies on the bottom electrode. For the
sufficiently strong Ef generated inside the microcapacitor, the destabilizing electrostatic
pressure, pel overcomes the stabilizing effects of the Laplace pressure, pL acting at the
liquid—air interface (Equation 4.1), which to minimize the free electrostatic energy of the
system acts to align the interface, separating the two media, in parallel to the Et lines:

& h

= —-y—

- 2
pel(— —1/250£p(ep—1)Ef) > p; o

(4.1)

where €o is the dielectric permittivity of the vacuum, gp is the dielectric constant of the
polymer, and y is the surface tension. Consequently, the thin polymer film adopts a profile
of pillars forming on the bottom substrate that correspond to the locations of the initially

induced perturbations (Figure 4.1b).

Once the EHD is complete, the electric field is maintained while the temperature is
allowed to drop to below the fluidifying transition temperature, i.e., the Ty of the polymer,
and the bottom substrate is released. This preserves the final structures and avoids
distortions or fluctuations in the polymer. Subsequently, coating the EHD generated
submicron architectures with a plasmon-active gold nanolayer (25.0 + 2.7 nm) yields
effective enhancement of the local electromagnetic field (Figure 4.1c). EHD thus enables
a single-step fabrication of submicron SERS active substrates, with each of the individual

pillars yielding a considerable signal enhancement (Figure 4.1c and Figure 4.3). 202224
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Figure 4.1. EHD process for SERS fabrication. To commence the pattering process, (a) a thin polymer film with an initial

film thickness h is deposited between two electrodes spaced apart by a distance d. Applying an external voltage, V and

liquefying at T > Tg leads to the generation of a high electric field, Ef ( ~108V/m) within the microcapacitor and (b)
formation of an instability throughout the film with a characteristic wavelength A, which determines the pitch between the
final structures. The increasing amplitude of the film variations guides the film’s redistribution, which eventually spans the
gap between the two electrodes. (c¢) Top-view optical microscopy and (inset) scanning electron microscopy images of the
EHD generated polymer structures, which are subsequently coated with a plasmon active gold nanolayer leading to high
SERS signal enhancement. (inset) Representative SERS spectra of BT on top of various topologies of the formed pillars
exemplifying that the roughened centre surrounded by a nanorim (top view, red) yields more than 50 times higher signal

enhancement relative to the flat pillar topology.

The EHD technique allows the patterning of micron and nanostructures with a broad
range of feature sizes and topological morphologies of the final structural units (Figure
4.1c, inset and Figure 4.2). These can be accomplished by alternating the termination
time of the patterning process, which can lead to either conelike structures or sharp
pyramids with a round base or alternatively, due to the disassembly process of the top
electrode can lead to the variation in shape and roughness of the tops of the formed
structures. Salinising the top electrode prior to the onset of the patterning process renders
it apolar to surfaces grafting a monolayer of octadecyltrichlorosilane between the upper

and lower substrates and facilitates the smooth release of the substrates. This enables
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easy disassembly due to the nonstickly self-assembled nanolayer. Alternatively, it is
possible to directly disassemble the microcapacitor setup without any additional
salinization steps. These enable the production of a range of structures where the top
surface of each pillar is either smooth, concave, roughened, or a combination of those
(Figure 4.2). Out of these, certain structural topologies were found to provide a further
degree of signal enhancement on top of each pillar (Figure 4.1c, inset). Representative
EHD micronanoarchitectures’ cross-section atomic force microscopy (AFM) profiles, bright
field optical microscopy (OM) top-view images, scanning electron microscopy (SEM)
images, and convolutional neural network (CNN) images are shown in (Figure 4.2). The
CNN algorithm for image classification of the EHD patterned structures for SERS labelling
includes several stages (see 4.5 Methods for details): (i) data gathering, (ii) data
preprocessing, (iii) data augmentation, (iv) feature extraction using a pre-trained
convolutional neural network, followed by (v) fine-tuning and the visualization of the
activated neurons for the image classification. CNN images allow the classification of the
formed pillars as a function of the enhancement and, thus, the correlation of the images
with the degree of enhancement of the scattered radiation. The results from our data show
that the centre of the smooth pillar tops has exhibited weak activation regions for “SERS”-
like features while the nanorim like edges exhibited highly activated regions indicating
those being an important factor for “SERS” active CNN neurons. The various generated
geometries and topologies of the pillars included the flattop with no rim, equivalent
nanorim surrounding roughened or smooth centres, with various rim heights, Hrim (0 < Hrim
< 500 nm) and one-sided nanorim. A standard analyte of benzenethiol (BT) was
subsequently used to evaluate the SERS enhancement factor (EF) from each of these
different patterns, acquired under identical experimental conditions (Figure 4.3d and

Appendix AS1 and S2). Establishing optimal top feature morphologies is used in the
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subsequent design of the dedicated top electrode in conjunction with the controllable

microlithographic EHD apparatus.

LY LT

Figure 4.2. Representative EHD-generated topological overview. Cross-section AFM profiles, top-view OM images, SEM
micrographs, and CNN images of the EHD generated structures. Corresponding SERS enhancements are shown in

Figure 4.3d. (a) Pillar with Hrim = 250 nm and a nanoroughened centre, EF = 9.0 x 106. (b) Pillar with an equivalent
nanorim of Hrim = 300 nm and a roughened centre, EF = 1.1 x 107. (c) Pillar with a one-sided nanorim of Hrim = 270 nm
and a roughened centre, EF = 8.8 x 10°. (d) Pillar with nanoroughness throughout and no rim, EF = 6.4 x 10°. (e)
Smooth pillar with one-sided nanorim of Hrim = 200 nm, EF = 6.1 x 10°. (f) Pillar with a nanorim of Hrim = 150 nm, EF =

6.7 x 106. (g) Smooth pillar top with no rim, EF = 5.8 x 10°. Scale bar sem: 1 um.
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Subsequent to identifying optimal candidate topologies for achieving increased EFs,
we have investigated the impact of other structural parameters, all of which can be tuned
during the EHD process, on the resulting signal enhancement. A systematic analysis
reveals that the relative signal enhancement strongly depends on the aspect ratio (AR) of
the pillars, highlighting a key factor for the design of optimized EHD-generated SERS-
active substrates (Figure 4.3a). Furthermore, due to the slight misalignment of the
capacitor plates in the EHD capacitor, there is a “wedge” geometry across the substrate
with a variation ranging from 100nm to 1pm across for a 1cm wide sample, which
subsequently leads to the lateral variation in the resultant pillar's aspect ratio. This has
been exploited to our advantage to generate a breadth of pillars with varying heights and
diameters. In the fabricated surfaces it was found that, the ratio of the thickness of one film
coating on the surface of the substrate to the diameter of the formed structure should be at
least 0.6 and no more than 0.8 for the optimal SERS enhancement factor (Figure 4.3a).
The height of the rim-like topology in the formed pillar was found to have an optimal range
with 0.30 < Hrim < 0.37um exhibiting the highest achievable signal enhancement (Figure

4.3b).

The generated pillars of the bottom substrate, once adopted, are spaced from one
another at a certain pitch distance, A. During the EHD, the step of adjusting the gap
between the top and bottom electrodes to a micrometer level of precision and further
adjusting the gap to a nanometer level of precision can be used to control the spacing
between adjacent pillars. This pitch, A, can additionally be controlled by alternating the
strength of the applied electric field. The influence of the pitch on the resulting SERS

signal shown in the inset of Figure 4.3c demonstrates that the electric field excited on the
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gold coated structures has a local minimum at A = 1uym and otherwise increases

considerably at A > 1pym.
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Figure 4.3. Tunability of structural dimensions of the metallo-dielectric EHD fabricated SERS substrates for controllable
and optimal plasmon excitations. (a) Relative SERS enhancement versus the AR identifies an optimal AR for signal
enhancement in the range between 0.6 and 0.8. Wedge-geometry induced AR variation generates bands of colour, due
to the film thickness redistribution on top of the underlying silicon wafer, corresponding to the various aspect ratios

(inset). The arrows correspond to the variation in AR and the corresponding colour change across the sample. (b)
Relative SERS enhancement of the benzenthiol’s 1070 cm™L peak with varying nanorim heights indicate an optimal
range of Hrim~300 + 37 nm. (c) Spectrally resolved reflectance spectra relative to the flat gold, Ro as a function of the
ARs. An increasing AR results in an increase in the extinction (R/Ro) due to the enhanced coupling of light into LPSRs,

which are tuned by the pillar geometry. (inset) The variation of the enhancement as a function of the gap between the

pillars at the excitation wavelength of 785 nm reveals another important parameter, tunability of which and its effect on
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strength of localized surface plasmon resonances and surface Raman enhancement allows the optimization of the

fabricated substrates. (d) Characteristic Raman peaks of benzenethiol at 1000, 1070, and 1575 cm™ readily detected in
the spectra acquired from the EHD SERS substrates showing the signal enhancement variation with the pillar's

topological features shown in Figure 4.2.

Furthermore, depending on the pillar’'s interstructural pitch, patterned arrays can
exhibit SERS enhancement either on top of each individual structure (Figure 4.4a), at their
perimeter (Figure 4.4b) or in the area between the structures (Figure 4.4c). The spacing
of the pillars is thus also of an importance to the localization of the enhancement and the
“correct” pitch (1.2 < A < 2.5um) can assist in enabling each pillar to act as an individual

detection centre.

Dependence of reflectance with the wavelength reveals an increase in intensity with
an increasing aspect ratio up to optimal dimensions at AR = 0.80 + 0.12, variation that
mainly arises from coupling of light into plasmon resonances, which are tuned by the pillar
dimension, and therefore, the relative SERS enhancement is correlated with the increased
strength of plasmonic coupling into the structure. Experimentally measured reflectance
across pillars, R/Ro with laterally varying ARs, exhibits increased extinction with an
increasing aspect ratio, with a nearly 30 percent increase that occurs in extinction when

the AR varies from 0.5 to 0.8 (Figure 4.3c).

Evaluation of the SERS signal evolving from each of the representative topological
morphologies in Figure 4.2 demonstrates variation in the enhancement factor of up to
40% between the highest and the lowest enhancing pillars. The absolute EF for the

optimal pillar with an equivalent nanorim of Hrm = 300 nm and roughened centre was
found to be 1.1 x 107 + 1.7 x 10% in contrast to the smallest enhancement achieved from

the smooth pillar with no rim with an EF of 5.8 x 10° + 1.2 x 10° using a 785 nm excitation
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laser. It is plausible that the EHD structures with optimal enhancing AR and nanorim like
topology with a nanorough centre create a coupling effect combining the plasmon and
whispering-gallery resonance for trapping and enhancing the signal. Such optical
“nanocavities” could be confining light to smaller volumes by resonant photon circulation
and thus yielding an improved SERS enhancement. For the subsequent reproducible
pattern design, a pillar with an equivalent nanorim and roughened centre was found to be
a favourable topology with the optimal feature sizes of these pillars identified to preferably

have an AR ~0.7-0.8, rim height of 300nm, and 1.2 < A < 2.5pm.

Establishment of the EHD structural factors for optimal SERS enhancement has
subsequently guided the fabrication of reproducible and controllable three-dimensional
SERS substrates via designing and engineering a novel high-precision lithographic rig in
conjunction with the dedicated top electrode. The developed microlithographic setup
combines micromanipulator and piezoactuators for the finest adjustments to enable
parallel capacitor-like EHD patterning for consistent fabrication of submicron pillars
(Figure 4.4f). It is designed to allow for several degrees of freedom of movement and well-
aligned parallel positioning of the top and bottom electrodes, to yield the integrity and
accuracy of the intercapacitor distance down to the submicron scale, for the fabrication of
highly reproducible SERS-active substrates with the ideal structural topological
morphologies, aspect ratios, and pitches. The controllable microlithographic EHD
apparatus comprises a support for a bottom substrate that has a film coating on the top
surface thereof and a second one facing the bottom, supporting a second top substrate
with a controllable gap between the surfaces. The base of it is made of aluminium.
Extending upward from the base is a pillar comprised of a rectangular aluminium pillar
screwed to the base. Attached through an opening in the base is a micrometer, which has

a nonrotating head, with a copper block mounted onto its spindle. A bottom substrate to be
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patterned is mounted on the copper block. A spring clamp (a thin beryllium copper spring
clamp) is used to hold the bottom substrate in place on the copper block, also ensuring
electrical connection of the bottom substrate to ground. A spar that extends from the pillar
supports a top substrate assembly suspended over the bottom substrate. At the end of the
spar a block of insulating polyether ether ketone (PEEK) is attached and then attached to
that is a copper block with a spring clamp to which the top electrode/substrate is placed.
The assembly includes a support arm underneath which is mounted a piezo-actuator, an
upper block, a second piezo-actuator, a lower block, and the top substrate. The top
substrate is clamped to the assembly using a beryllium copper spring clamp. The beryllium
copper spring clamps are thinner than the height of the silicon substrates and hold the
substrates at their edges to allow a bias voltage to be applied to the top and bottom
substrates. A first gap modification enables adjustment to a micron scale precision, via
adjusting a micrometer screw gauge, with the second gap adjustment provided to allow
adjusting the gap to the nanometer level (via piezo actuators) of precision, yielding a
significant improvement in the reproducibility and thus the enhancement factor from the
surface. The gap during the patterning is monitored by measuring the current flowing
between the two electrodes using a microammeter. Subsequently, a connection is
provided to a source of electrical power for applying an electric field across the gap
between the facing surfaces of the first and second substrates (Figure 4.4g). A sensor is
concurrently used to sense a finite current flowing through the first and second substrates,
and the whole apparatus is homogeneously heated to an elevated temperature to enable
the thin film’s fluidity. This further ensures that there is no temperature gradient around the
substrates as well as allowing for more accurate control of the gap between the

substrates.
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Figure 4.4. Engineering the EHD apparatus and reproducibly controllable structures. (a—c) Optical microscopy images
and the overlaid Raman maps with the corresponding 2D near-field simulations of the Er distribution (insets) of the SERS
enhancement occurring (a) exclusively on top of each pillar, (b) at the perimeter of the pillar, and (c) between the pillars.
Schematics (d) and AFM 3D images of the fabricated (e) top electrode with carefully designed parameters including the
interelectrode spacing, AR, pitch, and the interstructural spacing of the protrusions, Am. (f) 3D schematic representation

of the controllable EHD rig. (g) Photograph of the EHD prototype apparatus in the heating chamber.

While the surface of the upper electrode for the study and optimization of the EHD
structural parameters for SERS was a flat (planar) surface, in the reproducible
microlithographic setup, the surface of the top electrode comprises a dedicated, carefully
designed templated pattern of structures that protrude toward the surface of the bottom
substrate. We have established that the highest EF of gold covered SERS active pillars is
achieved when the colour of the pillars is blue or green, corresponding to a pillar aspect
ratio of 0.7-0.8, as shown in Figure 4.2a, inset. The design and fabrication of the
dedicated top electrode’s structures was thus dictated by the established optimal
parameters of the EHD yielding the formation of high-fidelity positive replicas of the
imposed morphology and fabrication of the structures in a more controllable and
repeatable manner (Figure 4.4d, e). The master electrode is of a high structural integrity
and durability and can be used to consistently produce structures of interest from low-cost

materials using the EHD to guide the pattern formation and, therefore, enabling high-
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reproducibility, cost-efficiency, and scalability of the generated nanosurfaces, rendering
this technique even more technologically appealing. The uniquely designed top electrode
provides the ultimate dimensions for high enhancement but also enables the creation of
rimmed nanocavities and is comprised of downward protruding pillars with AR of 0.8, pitch
of 1.2 ym, and Hrim = 300 nm nanorim on their perimeter (Figure 4.4d). Assembling this
top electrode within the microlithographic EHD apparatus (Figure 4.4g) and applying a
voltage across the two plates yields the generation of a heterogeneous electric field. In this
case, the liquefied polymer film is drawn toward the protrusions of the top electrode, where
the electrostatic pressure is the highest and the destabilization process is the fastest,
faithfully reproducing the imposed patterns as shown in Figure 4.5a-c. Guiding the uniform
structures fabrication, the setup ensures that the protrusions match each other and the
height of a given pillar substantially matches the height of another pillar. The AFM images

show the reproducibly fabricated morphologies comprised of pillars with the optimized

dimensions and topology spanning SERS substrate areas of 200 x 200 pm? with high
fidelity patterns. Upon examining 10 arbitrary capacities across each substrate with the
monolayer of BT as the SERS probe, the EHD fabricated SERS surfaces exhibited reliable
signal intensities and substrate reproducibility. A repeatable SERS response was obtained
from the pillars with average standard deviation of less than 3.0% in the framework of one

sample (Figure 4.5d, inset and Appendix AS3) and between the different samples

(height of the bars in Figure 4.5d, inset and Appendix AS3) for the 1070 cm™ Raman
peak comparable to the state-of-the-art SERS substrates. 2 Uniform SERS signal was

also obtained across several substrates with the EF values being narrowly distributed

around the average of 1.1 x 107 + 4.3 x 10° (Appendix AS2b). For the 0.95 confidence

interval data it is therefore, expected that the difference in EF as measured between the
different areas to lie between (9.4 x 10°, 1.1 x 107) for 95% of the future measurements.
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The experimentally calculated reproducibility coefficient indicates that the absolute
difference between any three subsequent EF obtained on a particular substrate are
estimated to be no greater than 8.55% on 95% of occasions. The wavelengths of the
LSPR and the strength of the electric field are highly sensitive to the dimensions (e.g., AR,
diameter, pitch), the shape (the inherent nanoroughness in the central parts of the
structures enclosed by the surrounding nanorim) and coupling modes of the
nanostructures. The controlled pitch combined with the consistent nanorim topology
(Figure 4.2 and Appendix AS1) renders the adjacent pillars not plasmonically coupled to
each other, generating a strong localization on top of the structures (with the optical
enhancement on the surface mainly due to red-shifted apex plasmons) and consequently,
high fields and SERS enhancements, which arise almost exclusively from a single
structure. The EF and sensitivity achieved with these nanomorphologies is of a similar
magnitude to both the commercially available as well as the various SERS substrates
demonstrated in the literature while exhibiting an improved signal reproducibility and
stability. 6172741 EHD-SERS substrates retain their structural integrity over the period of
several months with no agglomeration or pattern distortion discovered. The substrates
show excellent stability throughout the spectral collection period of 3 months with an

average relative standard deviation of 3.9% (Appendix AS4).
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Figure 4.5. (a) OM image of pillars formed under the reproducible EHD microlithography using planar top electrode,
generating a homogeneous electric field throughout the capacitor, and (inset) pillars forming using lithographically
predefined top electrode, introducing a heterogeneous electric field. AFM phase (b), with the corresponding 3D profile,

and height (c) images of the high-fidelity EHD-replicated patterns. (d) Representative SERS spectrum of BT on a uniform

substrate for the highlighted 1070 cm™L peak, at an excitation of 785 nm laser, demonstrating reliable signal and
substrate reproducibility (inset) of the SERS intensities on the EHD generated arrays from 10 randomly selected
positions on the gold-coated EHD fabricated pillars. (e) Spike-and-recovery bioassay differentiates the characteristic
peaks of biomarker in an artificial plasma with known concentrations (50pg/mL). SERS spectra of the spiked (gray)
versus normal, nonspiked (black); analyte was spiked into the test sample matrix, and its response was recovered in the

assay by comparison to an identical spike in the standard diluent with 95.5 + 3.4% recovery of the biomarker.

To demonstrate the diagnostic potential of the developed EHD SERS active
substrates, we have assembled a proof-of-concept spike-and-recovery assay comprised of
N-acetylaspartate spiked artificial blood plasma deposited on the fabricated substrates at a
concentration of 50 picograms per milliliter. N-acetylaspartate is a biomarker indicative of
acute, early-stage traumatic brain injury and is exclusively localized in neurons, reflecting
their functional status (as well as of axons) in the brain. ¥**¥ It is considered a marker for
neuronal health and viability, highly specific to the central nervous system, not released by

other organs and thus, is a very sensitive measure of neuronal compromise. This
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biomarker is thus of importance for development of early stage triaging point-of-care
diagnostic technologies for traumatic brain injuries. The EHD-SERS substrates were used
to establish the specific fingerprint spectra (Figure 4.5e and Appendix AS5 and S6) and
to quantitatively determine the lowest detectable concentration of the target biomarker.

The characteristic peaks of the analytes were monitored and a linear trend was observed

with a good correlation (R? = 0.9910) between biomarker concentrations (100nM to 1pM)
and SERS intensity (Appendix AS8). No signal enhancement was observed on the flat
parts on the substrate between the pillars (Figure 4.4a, inset and Appendix AS7). SERS
spectra for detection of the N-acetylaspartate show successful differentiation of the
biomarker’s fingerprints,“>*? spiked at known concentrations (Figure 4.5e) in the artificial
plasma (top) versus the control sample (bottom), indicating the potential for detection and
differentiation from clinical blood and plasma samples for future development of

biodiagnostic SERS assays.

4.4 Conclusions

A tailored approach was demonstrated for the manufacture of surface-enhanced Raman
scattering active nanoarchitectures via the EHD lithography. The plasmon dependent
phenomena of the fabricated substrates can be straightforwardly adjusted via the
lithographic key-factors, allowing the development of reliably engineered and cost-effective
substrates with reproducible and high SERS enhancement. SERS signal enhancement of
these substrates is governed by not only the pillar's nanotopology but also by the
dimensions of the fabricated structures, parametrized by the ratio of the height to diameter
as well as the interstructural pitch. Thus, the controllable aspect ratio via the EHD and its

effect on strength of the enhancement factor further enables the possibility of fine-tuning
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the substrates responses for different laser excitation wavelengths. The ability to carefully
design and fabricate highly reproducible optimized SERS active nanoarrays enables the
control of localized plasmonic fields, laying a platform for developing portable lab-on-chip
devices and sensors to detect and analyse a variety of biochemicals (Figure S9) pertinent
for medical, environmental, and forensic applications. Intriguingly, due to the individually
enhancing optimized structural units, each topological structure in the array could further
be functionalised with specific receptors for a range of target molecules for rapid,
multiplexed, highly specific and sensitive detection. These will be, in turn, useful for the
development of rapid-response, addressable miniaturized sensors, which are selective for

targeted chemical and biological molecules.

4.5 Methods

4.5.1 Materials

Polystyrene (PS, Mw 100 kg/mol, Mw/Mn < 1.07) was used as a polymer for the patterning
(purchased from Polymer Standards Service GmbH) and toluene was used as a main
solvent in this process (Fisher Scientific). Highly polished p-doped silicon (Si) wafers with
(100) crystal orientation (Wafernet, GMBH, Eching, Germany) were used during the EHD
as bottom electrodes (X-lith eXtreme Lithography). 3 wt/wt % PS solutions were filtered
through a Teflon filter with a pore diameter of 100 nm. BT (Analytical Standard, Sigma-
Aldrich) was used without further purification. Silver paint (Electrodag 1415M) used to
contact the electrodes. Standard biomarkers (S one-hundred calcium-binding protein B

and N-acetyl aspartate) for individual fingerprint signature studies were acquired from the
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Human ELISA Kit (Abnova) and Sigma-Aldrich (Saint Louis, MO). The 99.999% purity gold

target for sputtering was purchased from Kurt J. Lesker.

4.5.2 Electrohydrodynamic Surface Enhanced Raman
Scattering Substrates Fabrication

PS was used as the polymer for thin film deposition and patterning during the EHD, and
highly polished p-doped silicon wafers were used as bottom and top electrodes in the
capacitor setup. Silicon wafers were thoroughly cleaned in a “piranha” solution consisting
of sulphuric acid and hydrogen peroxide (3:1, accordingly) followed by rinsing with

deionized water and drying under nitrogen flow. An initial solution of PS in toluene 3% w/w

was subsequently spin-coated onto the freshly cleaned 1.0 x 1.0cm? silicon electrodes
and these were then electrically connected to the external voltage supply and
homogeneously heated to 175°C. The whole EHD patterning rig was enclosed inside a
high-precision performance convection oven ensuring optimal temperature uniformity
throughout the chamber. The temperature in the oven was thermostatically controlled (a
thermometer was placed in an oven which was set at the desired operating temperature.
The temperature reading of the thermometer was compared to the oven thermostat
reading). Furthermore, a sensor was concurrently used to sense a finite current flowing
through the first and second substrates and the whole apparatus was homogeneously
heated to an elevated temperature to enable the thin film’s fluidity. This ensured that there
was no temperature gradient around the substrates. Once the EHD process has been
completed, the capacitor setup was cooled down to room temperature to quench the
formed structures and the external voltage supply was disconnected. To facilitate the
smooth release of the patterned surfaces, the substrate was grafted with an

octadecyltrichlorosilane self-assembled monolayer. The patterned substrates were finally
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coated with a gold nanolayer with an average thickness of 25.0 £ 2.7nm (Emitech sputter-
coater) using a DC argon plasma and a gold target. The gold deposition was performed
onto all the EHD-generated substrates as well as the polymer film as reference.
Subsequently, benzenethiol monolayer was assembled on the gold-coated surfaces from

ethanolic solution at varying concentrations.

4.5.3 Fabrication of Top Electrode

Focused ion beam (FIB) process was used to fabricate the dedicated EHD electrode. For
this purpose, initially silicon wafers were cleaved and then cleaned using a carbon dioxide
spray system. Subsequently, the electrode was produced using an FEI Helios Nanolab
650 dual beam scanning microscope, equipped with an electron beam for imaging and a
separate beam of gallium ions at 52° to the electron beam. The gallium ions are
accelerated up to 30kV to provide them with a high energy and the generated beam of
ions is focused to a spot by several electrostatic lenses and then scanned over the object
by scan plates. The gallium ion beam was used to sputter away material to create the
required patterns. The associated patterning system of the Helious (Nanobuilder) was
further employed by using a bitmap image to control the ion beam to recreate the pattern
from the designed image. Nanobuilder was subsequently used to shift the stage and

repeat the process to create large patterned areas.
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4.5.4 Raman Spectroscopy Measurements

SERS measurements were carried out using InVia Qontor spectrometer confocal Raman
microscope (Renishaw) equipped with 785nm excitation laser, which was adjusted for
optimal throughput, fluorescence control, and sensitivity. The spectra were typically
acquired at 10s exposure time and a laser power of 1-10mW with a 785nm laser to avoid
photochemical effects in the SERS spectra, sample damage, or degradation. The equation
of the linear fit obtained from the dilution studies quantitatively calculating the limit of
detection as 3 times the standard deviation of the blank, derived from the gradient of the
straight line, where o is the standard deviation of the response and S is the slope of the
calibration curve. SERS maps were generated in a Stream-line mode scan with an

exposure time of 10s and power of 5mW at 785nm. A 50x objective with a numerical

aperture of 0.75 was used for SERS measurements over a range of 500 to 2500cm™!
relative to the excitation Raman shift. Optical measurements were carried out with a
specially adapted research grade microscope (Leica DM 2700M) equipped with an
incoherent white light source, allowing confocal measurements with 2.0um depth
resolution. The spectra were normalized with respect to those recorded on flat gold or
gold-covered flat polymer film surfaces. An intelligent-fitting filter was applied for baseline

subtraction.

4.5.5 Calculation of the Surface Enhanced Raman Scattering
Enhancing Factor

Numerical modelling was carried out using a finite element solver COMSOL v4.3. The

enhancement factor calculation is reproduced from ref [42]. In brief, SERS enhancement
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factor was calculated by comparing the intensities of the non-enhanced Raman scattering

peak (/rRaman) at 1 070cm™ of pure BT obtained by focusing the laser into a quartz cell and
the corresponding SERS signals (/sers) obtained from the SERS substrates. The

detection volume of the solution-phase benzenethiol sample, Vs, was calculated using the

following relation: Vs = (depth of focus) x (focus area) = (1.4nMNA?) x T(0.4N2NA)2. The

surface density of the adsorbed BT molecules on the structured surface was taken as ps =
3.3molecules/nm?, and the enhanced area, A, was defined as the diffraction limited spot

size (T[(0.4}\/2NA)2), with NA, numerical aperture; n, refractive index; A, wavelength; pv,
surface density of molecules in the detection volume. The EF was calculated using the

relation: EF = [Isers/(psA)]/[IRaman/(pvV5).

4.5.6 Atomic Force Microscopy

A JPK NanoWizard Il atomic force microscope was used to thoroughly characterize the
surfaces’ topography. The AFM measurements were performed using tapping mode via an

intermittent contact of the tip with the sample in ambient conditions. NCHV-A cantilevers

with a resonance frequency of 320kHz and stiffness of 42Nm~1 were used. Height and
phase images were analysed with Gwyddion’s software (version 2.55). The AFM
measurements were used to acquire important parameters including the film thickness h,

the interelectrode spacing d, the characteristic pitch A, and the AR of the generated

structures. A total of 13 areas of 50 x 50um? were scanned throughout each sample. The
area was chosen according to the different coloured regions of the EHD samples. The
heights ranging from 200 to 700nm spanned a lateral distance of approximately 700um.

Each scan was performed at 1024 x 1024 pixel quality at approximately 3s/line raster rate,
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for a total of 1h/region. The set point was adjusted for each region to compensate for the
pillar height changes while the rest of the structural parameters were kept constant. Ten
pillars were chosen per scanning region, totalling in 130 pillars characterized. The pillars
were chosen as representative examples of the different topologies obtained during the

EHD lithography.

4.5.7 Optical microscopy

For the concurrent tracking of the AFM images, a corresponding optical microscopic image
of the pillars was also acquired. These optical images guided the navigation of the AFM
measurements between different regions (Leica DM2700 M). Pattern formation in thin
polymer films was qualitatively analysed using bright-field reflection microscopy (Olympus
Optical Microscopes GX61, GX2, and BX40). The reflection of white light from the sample
enabled resolving the submicron-scale features. The evolving patterns were also observed
by in situ monitoring of the EHD pattern formation and replication in thin films using a

digital camera and imaging software (Carl-Zeiss VisioCam, AxioVision).

4.5.8 Scanning Electron Microscopy

Samples for SEM imaging were prepared by placing a post-experiment, disassembled
substrate with the generated patterns on an inclined or cross-sectional holder to enable
the imaging of the top and cross-sectional views. Scanning electron micrographs were
acquired using a thermally assisted field emission source scanning electron microscope
(FEI helios dual beam) with a lateral resolution of 2-5nm with a typical acceleration

voltage of 1-10kV.
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4.5.9 Deep Neural Network Image Analysis

For the data gathering stage, the studied individual pillars were in the range of heights
varying between 200 and 700nm and diameters of 0.5-5um. All the images were acquired
as a top view and height differences are given by a different intensity level on the
greyscale. The ability of the pillar to enhance the signal was either labelled as “No
enhancement”, meaning there is no or negligible Raman signal enhancement on the pillar
and as “SERS” where there is a noticeable signal enhancement from the pillar. Each of the
chosen pillars was then characterized via the AFM and the corresponding surface profiles
were also obtained. These constitute the initial data set for the CNN. The subsequent step
of the data pre-processing included ensuring that all the images are on the identical
greyscale and same pixel size. For the data augmentation, the data set was increased by
conducting rotations and inversions of the acquired images while keeping the labels fixed.
This is possible because the Raman measurements are the same for the pillar
independent of the rotation. Following the data augmentation, a complete training data set
is generated. In the next step, a VGG16 pre-trained convnet was used, which was later
modified with a fully connected classifier by changing the output layer to “SERS” and “No
enhancement” and subsequently, the last block of neuron layers prior to the classification
was fine-tuned. After training the modified model with the data set, the model was tested
with the data set, where the testing data included pillar images that were never “seen” by
the model. This information identifies the features that are most important for the SERS-
active pillar via the class activation map (CAM) by producing a heat map image of the
neuron activation over the input test image for a specific label, which results in how
intensely the input image activates a given label. The overlaid heat map has consequently

a high activity on features of the input image that are “SERS"-like features.
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CHAPTER S5

Real-time determination of Surface-Enhanced
Raman Scattering substrates via a Convolutional

Neural Network approach
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This work has been recently published as "de Carvalho Gomes P., Crossman A., Massey
E., Stanley Rickard J.J., Oppenheimer P.G. Real-time validation of Surface-Enhanced
Raman Scattering substrates via convolutional neural network algorithm. Vol. 33,
Informatics in Medicine Unlocked. Elsevier BV;2022. p. 101076. Available from:
http://dx.doi.org/10.1016/j.imu.2022.101076", and my contribution as the first author was
the majority of the work. The whole project was designed by me and sectioned into two
components for the master's thesis programmes at the University of Birmingham.
Laboratory work was carried out by myself, who then supervised and solved the computer

vision algorithm and real-time workflow.

5.1 Abstract

Many future sensors are likely to use surface-enhanced Raman scattering (SERS)
substrates due to their high sensitivity on low concentrated analytes. The problem with
using SERS substrates, for example as a medical biomarker qualitative test, is that the
enhancement from different parts of the substrate can be inconsistent. We have thus
implemented convolutional neural networks (CNN) to analyse SERS-active substrates
produced by electrohydrodynamic lithography (EHD). For doing so, a computer
programme was developed to identify regions of high and consistent SERS activity on
optical microscope images of EHD patterns in real-time. The implemented script has two
main components. The first part of the script optimises the CNN model, and the second
part processes the input optical microscope image and outputs the predicted SERS-active
regions overlaid onto the input optical microscope image using the model developed in the
first part of the script. The results show that the best CNN for the first part of the script is

pt-VGG16-ft, a pre-trained CNN with a fine-tuned last layer. The pt-VGG16-ft achieved
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90% accuracy in classifying high-SERS active EHD pillars via an optical microscope
image, allowing for real-time predictive tools for SERS substrates. The second part of the
script generates a heatmap that provides feedback on the regions of high SERS activity
and is superimposed on the optical image to aid in SERS spectral acquisition
measurement. Finally, a proof-of-concept run of the script obtained an accuracy of 87.5%
for a real-time SERS pillar measurement acquisition, showing that it is feasible to identify

SERS structures by using a real-time CNN processing of an optical image.

5.2 Introduction

Surface-enhanced Raman scattering (SERS) is a phenomenon discovered by Martin
Fleischmann and Patrick J. Hendra in 1974 ™, who identified enhanced Raman scattering
on a rough metal surface. Since then, SERS technology has shown a multitude of
applications in biology ®* and chemistry 7 in the sensing field and SERS-active
substrates are critical for recording accurate and reproducible spectral fingerprints of a
plethora of molecules. To get these high SERS signals, substrates need to be carefully
crafted to have a high level of chemical stability, biocompatibility ©®, and reproducible
fabrication methods . The most used SERS active materials include gold, silver, and
copper; but gold is usually the choice for biocompatibility ® *®, and silver is preferred for
higher SERS signals . The optimisation in the SERS field has led to many advances,
particularly within the field of biosensors. Very promising applications can be achieved
when complemented with microfluidics for a lab-on-a-chip device, where multiple analyses
can be performed over the same substrate which expands the multiplexing possibilities of
SERS ¥ SERS outputs very specific fingerprints that can uniquely identify

biomolecules. SERS substrates can also be integrated with a portable Raman system,
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thus becoming a portable sensor system B34 Additionally, the acquisition time is almost
instantaneous, and with new machine learning techniques 8, the Raman signal analysis
can give diagnostic results immediately, enabling earlier diagnosis for many health

conditions.

However, some obstacles must be overcome before SERS sensors fulfil their
potential in the medical, biological, and chemical sectors. Scientists within the SERS field
have identified the need for reproducible signal enhancement from SERS substrates to be
consistent before SERS sensors can become widely used ™ 2%, These inconsistencies
cause measurements on the same substrate to differ, consequently hampering the
duplication of previous studies. A feasible solution to tackle these obstacles could be to

use machine learning (ML) because it can complement SERS in many ways.

In this work, we apply the ML technique called convolutional neural networks
(CNN). CNN have improved image processing mechanisms compared to other neural
networks. Convolution layers learn local patterns from the input image and these learned
patterns have translation invariant properties i.e., they can be recognised anywhere in an
image, whereas in other neural networks like a densely connected network, would need to
learn the patterns anew Y. For this reason, CNN are more efficient at image processing
than other neural networks, needing fewer training samples to learn general trends in the
images. Moreover, CNN can learn spatial hierarchies of the patterns, which are mapped
over to the different layers of the CNN. In the CNN hierarchy, the first layer learns small
local patterns like edges, and the next layers will learn from the edges and so on, allowing
a CNN to learn increasingly complex and abstract visual concepts automatically. CNN
have been previously used to identify SERS pillars from atomic force microscope (AFM)
images ™. To do so, a pre-trained CNN was used and later fine-tuned to our differently

classified (SERS/non-SERS) EHD structures. Furthermore, in the work by Gomes et al.™
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the AFM images have better resolution than the optical images, thus, in the present work
we aimed to find out if we could achieve similar results with these lower resolution optical
images. Since optical images are easier and much quicker to acquire and do not need
special training compared to the AFM, it will drastically reduce the experiment and data
acquisition time. Thus, optimizing not only the SERS reproducibility but also its throughput.
All features of the CNN used by Gomes et al. [11] are extended for optical images with
further implementation for real-time SERS detection, thus automating the selection of

SERS structures for a fast and consistent measurement.

The structures we analysed were optical microscope images of gold-coated polymer
pillars produced by electrohydrodynamic (EHD) lithography ?* % and the goal was to
determine whether the pillars are SERS active or non-SERS active. To test the hypothesis,
five substrate samples were made using EHD lithography. These were analysed and used
to optimise a CNN model that can distinguish SERS-active pillars from non-SERS active
pillars and then predict the SERS-active ones. The project was split into two parts. First, to
create an accurate CNN to predict SERS from non-SERS pillars and second, using this
CNN to predict the SERS-active structures in real-time while acquiring Raman

measurements.

CNN capabilities lie in understanding local feature patterns in an image and
identifying them elsewhere. Thus making it possible to use the CNN developed here to test
other forms of SERS substrates. Since the CNN previously learned what a SERS
substrate is, the same features can be identified in other SERS substrates, making the
SERS identification process generalised. Therefore, the main objective of this work is to
improve the reproducibility of the SERS-active substrates signal enhancement for their
implementation in lab-on-a-chip devices and point-of-care testing. Using the power of ML

for the analysis, we envisioned an improvement in the efficiency of the production of EHD
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SERS substrates leading to potential improvements of production techniques in the

biomedical field, and a deeper understanding of the SERS mechanisms.

The end goal of this work is to apply this research to point-of-care sensors by
creating consistent reproducible results of the SERS signal, the manufacturing process,
and the understanding of SERS-active substrate production to help develop SERS
sensors in lab-on-a-chip devices. A recent publication by Rickard et al. [24] uses SERS to
detect blood-based biomarkers in traumatic brain injuries from blood samples,
demonstrating that SERS technology can be used for innovative sensors. The lab-on-a-
chip market is of particular interest, with an estimated market size of £7.4 billion by 2027
31 1ts potential profitability means there will be significant interest in current research on

SERS-active substrates.

5.3 Methodology

5.3.1 Materials

Polystyrene (PS) Mw 100 kg/mol, Mw/Mn < 1.07 was used as the polymer for the
patterning (purchased from Polymer Standards Service GmbH), and toluene was used as
the main solvent in this process (Fisher Scientific Ltd). Highly polished p-doped silicon (Si)
wafers with <100> crystal orientation (Wafernet, GmbH, Eching, Germany) were used
during the EHD as electrodes (X-lith eXtreme Lithography). Methylene blue (MB)
(Analytical Standard, Sigma-Aldrich Ltd) was used without further purification. Silver paint
(Electrodag 1415M) was used to contact the electrodes. The 99.999% purity gold target for

sputtering was purchased from Kurt J. Lesker Ltd.
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5.3.2 Electrohydrodynamic Patterning Surface Enhanced
Raman Scattering Substrates Fabrication

PS was used as the polymer for the thin film deposition and patterning during the EHD,
and highly polished p-doped silicon wafers were used as bottom and top electrodes in the
capacitor setup. Silicon wafers were thoroughly cleaned in a "piranha" solution consisting
of sulphuric acid and hydrogen peroxide (3:1, accordingly), then rinsed with deionized
water and dried under nitrogen flow. An initial solution of PS in toluene 3% w/w was
subsequently spin-coated onto the freshly cleaned 1.0 x 1.0cm? bottom silicon electrodes,
and these were then electrically connected to the external voltage supply and
homogeneously heated to 175°C. The whole EHD patterning rig was enclosed in a
convection oven, ensuring optimal temperature uniformity throughout the chamber. The

temperature in the oven was thermostatically controlled.

Furthermore, a current meter was concurrently used to sense a finite current flowing
between the first and second substrates and the whole apparatus was homogeneously
heated to the elevated temperature above the glass transition temperature of the PS to
enable the thin film's fluidity. Once the EHD process was completed, the capacitor setup
was cooled down to room temperature to quench the formed structures, and the external
voltage supply was disconnected. The patterned substrates were finally sputter coated
with a gold nano-layer with an average thickness of 40.3 + 2.7nm (Emitech sputter-coater)
using a DC argon plasma and a gold target. Subsequently, an analyte to be detected in an
ethanolic solution with a 10uM concentration of MB was dry-cast over the substrate and

left to dry in air.
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5.3.3 Optical Image Acquisition

After the EHD patterning was formed and disassembled, but before gold coating, a set of
optical measurements were taken using the Renishaw optical system, and an improved
set of optical measurements were taken with a specially adapted research-grade
microscope (Leica DM 2700M) equipped with an incoherent white light source. Following
the gold coating step, the same EHD patterns were collected again on the two optical
systems. Following the SERS measurement of each pillar, a connection of the SERS
signal to the pillar image from both microscopes was made to model the CNN. All the pillar
images were acquired as a top view image. The choice for using images from two
microscopes was related to improving the generalization of our CNN. Obtaining pillar
images from both microscopes resulted in more data for developing the CNN model for the
two different classes (SERS/non-SERS). Mixing the low and high-resolution images
enhanced the model's training and the results when testing the low-resolution images from
the Renishaw microscope in the real-time acquisition measurements. The high-resolution

images from the Leica microscope are only needed for the model training.

5.3.4 Surface Enhanced Raman Scattering Acquisition

After applying the gold coating of the patterns, and dry casting the analyte (MB) for
detection, the sample is taken to the Raman system for further analysis. Using an InVia
Qontor confocal Raman (Renishaw) spectrometer, SERS measurements were carried out
using a 633nm excitation laser. SERS maps were generated using the point mapping
mode scan with an exposure time of 1 second per point in the map, with 3 accumulations

using a power of 5SmW. A 50x objective lens with a numerical aperture of 0.75 was used
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for the SERS measurements and optical image collection, with the SERS collected over a
range of 500 to 2500cm™ relative to the excitation wavelength. The spectra were later
processed by a home-built Python script ?®, which performs a custom baseline subtraction
followed by a Lorentzian fit to the highest intensity peaks. Afterwards, the enhancing factor

(EF) was computed.

5.3.5 Surface-Enhanced Raman Signal Factor Calculation

The SERS enhancement factor was calculated by comparing the non-enhanced Raman
scattering peak (laman) intensities at 1,610 cm™ of pure MB and the corresponding SERS
signals (lsers) Obtained from the SERS substrates. The detection volume of the solution-

phase MB sample, Vi, was calculated using the following relation:

V;=(depth of focus)x (focus area) =(1.4n A/ NA*)xw(0.4nA/2NA)’ (5.1)

The surface density of the adsorbed MB molecules on the structured surface was
taken as ps = 3.3 molecules/nm?, and the enhanced area, A, was defined as the diffraction-
limited spot size (11(0.4NM2NA)?), with: NA, numerical aperture; n, refractive index; A,
wavelength; p., the surface density of molecules in the detection volume, estimated from

[27]. Following these considerations, the EF was estimated to be EF~1000 X Isgrs.

5.3.6 Surface enhanced Raman Scattering / non-Surface
Enhanced Raman Scattering labelling and organization

The most important step in building a CNN is having well-defined classes and appropriate

images to represent these classes. The images were split into two different classes
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depending on their Raman signal (SERS/non-SERS). This definition allows the CNN to
learn and differentiate the two classes based on the pillar images. Thus, gaining the ability
of making future predictions using the same CNN model to differentiate SERS from non-

SERS pillars from an unknown EHD sample.

For the Raman signal acquisition, a total of 2800 Raman map points were acquired
over five different EHD substrates. Each map point was measured over a unique pillar.
These unique pillars were cropped individually from the Raman microscope image (Figure
5.1B) and Leica microscope image (Figure 5.1A) and sequentially organized regarding
their Raman signal strength (Figure 5.1C). All images were processed using GNU Image
Manipulation Program (GIMP — https://www.gimp.org/). The pillar images were processed
by cropping, making sure only the pillars of interest were present and labelled according to
their Raman signal, and later exported into a tif format. The labelling was defined based on
the third interquartile range (3" IQR) intensity of the 1610 cm™ MB peak in Figure 5.1C
(red arrow), whose value is represented as the pillar EF value in histogram form Figure
5.1D (red bar) and whisker plot form Figure 5.1E (red dashed line). The EF was calculated
as described in the previous section. Each spectrum was categorized as SERS or non-
SERS depending on whether the Intensity or EF fell above or below the red line Figure
5.1C, Figure 5.1D and Figure 5.1E. With these instructions, each cropped image could be
labelled into their respective SERS/non-SERS class according to the intensity/EF values,

and then be used to model the CNN.
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Figure 5.1: (A)(i): Optical image of the EHD structures from the Leica optical microscope. (ii) The augmentation process
generates rotated/mirrored/inverted images of the original Leica microscope image. (B)(i) Same EHD structures as in (A)
(i) viewed through the Renishaw inVia optical microscope. The individual pillars are cropped using GIMP and are
processed using Python for further image augmentation. (i) The augmentation process generates
rotated/mirrored/inverted images of the original Raman optical microscope image. (C) Raman spectra of a selection of
885 pillars show the separation between SERS and non-SERS spectra, with the red spectrum as a separation spectrum.
Top red arrow pointing at the MB 1610 cm™ most intense peak. (D) Histogram plot from the EF for each pillar shows the
separation value between both classes in the red bar. (E) Whisker plot with dashed red marking the 3™ IQR separating
SERS from non-SERS pillars.

5.3.7 Data Augmentation

Data augmentation is an image manipulation technique to artificially increase the data
sample size by changing the original images with rotations, inversions and mirroring
operations while maintaining the EF labels for each pillar. This is possible because the
Raman measurements are the same for the pillar, independent of the image rotation. An

example is shown in Figure 5.1Aii and Figure 5.1Bii with both microscopes having the
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same pillar subjected to a data augmentation process. Data augmentation ultimately

improves the model generalization, reducing the overfitting of the model.

Different data augmentation setups were tried for the CNN optimization and a
summary of them are displayed in Table 5.1. The number of pillars per class follows the 3™

interquartile range (IQR) of the EF rule described in the previous section.

Table 5.1: Data Augmentation trials.

Initial Image dataset Image Augmented dataset
Iteration Sum Train Validation Sum
SERS|  non SERS SERS | non SERS | SERS | non SERS
1 221 664 885
2 525 1,575 2,100
3 750 2,250 3,000 32,000 8,000 40,000
4 950 2,850 3,800
5
6 1,050 3,150 4,200 80,000 20,000 100,000
7 160,000 40,000 200,000

An initial sample size of 885 pillar images was first divided into 221 SERS labelled
pillars and 664 non-SERS labelled pillars. From the 885 pillar images, a total of 40,000
augmented images were created. From these 40,000, 80% were split into training (32,000)
and 20% for validation (8,000). Since there were more non-SERS pillars (664) than SERS
pillars (221), the SERS pillars were subjected to more cycles of data augmentation due to
the need of a balanced number of different classes to make a proper generalization of the
CNN 28 Thus, from the 32,000 training dataset, 16,000 augmented SERS pillar images
were created from an initial 221 pillars dataset, and 16,000 non-SERS pillar images were
data augmented from an initial number of 664 pillars. The same logic applies for the
validation dataset, therefore, from a total of 8,000 pillars, 4,000 pillars were data
augmented. From 221 SERS pillar images, 4,000 data augmented were created 664 from

non-SERS pillars. This consideration was applied for all the remaining cases.
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We continued with a second test where 2,100 original images were fed into the
CNN model. From these, 1,680 were non-SERS and 420 were SERS. From the initial
2,100 image dataset, a total of 40,000 augmented images were created. 32,000 (16,000
SERS / 16,000 non-SERS) images were used for training and 8,000 (4,000 SERS / 4,000

non-SERS) for validation.

In the third test, additional images from the second optical microscope were
introduced into the previous dataset. For this test, a total of 3,000 pillar images were used
with 2,800 pillars from the Renishaw microscope and 200 pillars from the Leica DM 2700M
microscope. From the 3,000 image dataset, a total of 40,000 augmented images were
created. 32,000 (16,000 SERS / 16,000 non-SERS) images were used for training and

8,000 (4,000 SERS / 4,000 non-SERS) for validation.

During the fourth test, the number of optical images from the Leica DM 2700M
microscope were increased to obtain 1,000 images and combined these with the
Renishaw images to give 3,800 images. From the 3,800 image dataset, a total of 40,000
augmented images were created. 32,000 (16,000 SERS / 16,000 non-SERS) images were

used for training and 8,000 (4,000 SERS / 4,000 non-SERS) for validation.

For the fifth test, the number of optical images from the Leica DM 2700M
microscope were increased to obtain 1,400 images combined with the 2,800 pillars from
the Renishaw microscope to give 4,200 images. From the 4,200 image dataset, a total of
40,000 augmented images were created. 32,000 (16,000 SERS / 16,000 non-SERS)

images were used for training and 8,000 (4,000 SERS / 4,000 non-SERS) for validation.

For the sixth test, the total number of pillar images remained at 4,200 and we

changed the data augmentation number. From the 4,200 image dataset, a total of 100,000
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augmented images were created. 80,000 (40,000 SERS / 40,000 non-SERS) images were

used for training and 20,000 (10,000 SERS / 10,000 non-SERS) for validation.

Finally, in the seventh test the total number of pillar images remained at 4,200 but
the data augmentation number was changed. From the 4,200 image dataset, a total of
200,000 augmented images were created. 160,000 (80,000 SERS / 80,000 non-SERS)
images were used for training and 40,000 (20,000 SERS / 20,000 non-SERS) for

validation.

5.3.8 Convolutional Neural Network

After obtaining the images, separating them into their respective labels and data
augmenting them, we proceeded into the CNN generation and optimization to decide

which CNN structure is adequate for our dataset.

For the first test, we designed a CNN with one Conv2D(64,(3,3)) layer. The 3 by 3
coefficient is related to the kernel size, which represents the pixel window height and pixel
window width. The filter number related to the output feature map depth is 64. In Table 5.2
the window size has been omitted since it is the same in every Conv2D. After the initial
Conv2D, we have a MaxPooling((2,2)) layer, which consisted of extracting a 2 by 2 pixel
window from the input feature maps and outputting the maximum value of each channel. In
Table 5.2 the window size has been omitted since it is the same in every MaxPooling

operator.
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Table 5.2: CNN trials.

ModelNumber| 1 [ 2 3[4 [ 5[ 6 |7 |89 |10 |PreTrained VGG-16 Frozen |Pre-Trained VGG-16 Fine-Tuned
Learning rate 0.001 Conv2D
Optimizer RMSProp MaxPoolling
Loss Categorical Cross-Entropy Dropout
Input shape (50, 50) Flatten
L1 6464 6464 64|64 |64]64]64]64 64 64 Dense
L2 64 64|64 64|64 64646464 64 64
L3 128
L4 128 128[128 128[128128[128[128[128 128 128
L5 256 128|128 128]128|128)128[128]128 128 128
L6 256
L7 512 256|256 256|256 | 256 | 256 | 256 | 256 256 256
L8 512 256 256|256 256 | 256 | 256 | 256 256 256
L9 512 512 256256 | 256 | 256 | 256 | 256 256 256
L10 512 512
L11 512 512|512 512|512 512|512 512 512
L12 256 512 512|512|512 512|512 512 512
L13 2 256 512 512|512[512512 512 512
L14 2 256 512
L15 2 [256 512512[512 512 512 512
L16 2 256 512512 (512 512 512
L17 2 256 512|512 512 512
L18 2 256
L19 2 256 03 0,3 0,3
L20 2 |256
L21 2 |256 256 256
L22 2 ? 2

All CNN end with a Flatten layer followed by a Dense layer. These layers operate
over the final feature map tensor and flattens the tensor (3D) into a vector (1D). The
Flatten layer is necessary to make the connection between the feature map tensor output
from the series of Conv2D and MaxPooling layers to the classification output. The
classification output is the binary classification for SERS and non-SERS pillar images.
After flattening the tensor into a vector, this vector is then passed into two Dense layers

that converge the Flatten layer into the desired binary classification.

Additionally, when compiling the CNN to learn with the training and validation
datasets, three important parameters are required: the learning rate, the optimizer
function, and a loss function. The learning rate is a measure of how much the neurons will
change per iteration. In our case, we fixed it at 0.001, a standard value for a CNN &, The
optimizer function was the ‘RMSprop’ and the loss function ‘categorical_crossentropy'.

These two functions are used to optimize the overall accuracy of the model to distinguish
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SERS from non-SERS pillar images. The different CNN'’s used in this work are presented

in Table 5.2.

The CNN layer optimization tests start with a basic CNN format (Table 5.2 model
number: 1) and becomes incrementally more complex with the addition of new Conv2D
layers and MaxPooling layers. After incrementing the number of layers for the first nine
tests, for the tenth, we added a Dropout layer with a 0.3 factor. The Dropout layer with the
0.3 factor randomly sets 30% of the neuron weight entries to zero. Turning some entries to
0 guarantees a reduction in the overall model overfit. For the eleventh test (pt-VGG16), we
added more complexity into the system by importing a pre-trained CNN, the VGG16 . To
adapt it to our CNN we changed the terminations of the VGG16 for our SERS/non-SERS
labels using the integral VGG16 CNN and adding the Dropout, Flatten and two Dense
layers. Additionally, the VGG16 was imported into our CNN model with its weights and
biases. For this test, these weights and biases were frozen, making them unmodified when
training the model with the SERS/non-SERS dataset. The only trained layers were the
added layers, i.e. the Dropout, Flatten and the two Dense layers. Weights and biases are
parameters associated to each neuron in our model. For the VGG16, 138 million neuron
parameters were loaded and used for our adapted CNN. Finally, for the twelfth test (pt-
VGG16-ft), we improved the eleventh CNN, and altered the last set of Conv2D and
MaxPooling of the VGG16 model to be unfrozen, so their parameters could be fine-tuned

to our SERS/non-SERS data.

5.3.9 Output from the Convolutional Neural Network model

After the model is trained and validated, we passed test image data though the model to

check the true accuracy of our model in distinguishing between SERS and non-SERS
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pillars. Here we implemented not only a method to distinguish pillars according to their
classification but also to highlight, using an overlaid heatmap, regions from the image that
were specifically activated on the CNN in the presence of a SERS pillar. Activation can be
low or high depending on the neuron activity towards a specific patch of the image. To
apply these activations, we used a gradient class activation map (grad-CAM). Grad-CAM
employs a mathematical operation to the CNN prediction of the test image outputting the
activation neurons from the last Conv2D layer. Since the last layer of the CNN is the
interface between the last layer and the classification layer of a CNN, it highlights the most

prominent features that make the classification decision.

5.3.10 Video input onto the Convolutional Neural Network

After setting up the CNN model, we apply it to real-time Raman data acquisition. To that
effect, we incorporated the CNN over the Renishaw computer and pass it screen-grab
images, which included the optical microscope display part (Figure 5.2A). There is also
some unnecessary information from the screen-grab (Figure 5.2Ai, iii and iv), so we
applied a new image processing CNN onto the screen-grab that crops the optical
microscope image region from the whole screen grab and feeds it to the CNN
automatically (Figure 5.2Aii). The reason to get the screen-grab is that the process can
happen in real-time while the user is scanning the surface without manually exporting the

image.
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Figure 5.2: Example of a screen-grab from the Renishaw computer when acquiring a Raman measurement. (i) Widgets
displayed from the WIRE interface. (ii) Optical microscope image from the sample. (iiij) Raman spectrum from the
acquired spot delimited by the cross-hair intersection in (ii). (iv) Measured sample list.

5.3.11 Screen-grab Optical Microscope Image

Since we have accumulated many pillar images from the previous SERS/non-SERS CNN,
we can now use them to build another CNN for screen mapping the optical microscope.
This new CNN distinguishes between pillar and non-pillar datasets. The ‘pillar’ label
corresponds to the whole pillar selections that were captured from the previous SERS/non-
SERS CNN, and ‘non-pillar’ refers to scraped images from the WIiRE-feed that do not
involve the optical microscope part (Figure 5.2Aii). Scraped images are randomly
selected sections from the WIRE interface (Figure 5.2Ai, iii and iv), which will be data

augmented to compensate for the sample size difference.
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5.3.12 Pillar/non-Pillar labelling, Data Augmentation and
Convolutional Neural Network building

From the SERS/non-SERS pillars, we used 4,200 images with a new label ‘pillar’. For the
non-pillar label, around 20 scraped images from the WIRE interface were used. The
scraped image cuts varied in shape and were taken from diverse spots in the WIRE

screen-grab image (Figure 5.2Ai, iii and iv).

These images were data augmented with the following conditions: a width shift
range of 0.2, a height shift range of 0.2, a shear range of 0.2, a zoom range of 0.2 and
horizontal flip and vertical flip. These new configurations generated distorted images from
pillars and from the scraped images that helped to generalize the CNN. A total of 40,000
augmented images were created with 20,000 being used for the pillar label and 20,000 for
the non-pillar label. From these, 16,000 were assigned for training and 4,000 for validation.
The CNN used was the pt-VGG16-ft, described previously. The fitting of the CNN did not
require much time (approximately 1 minute) to run since both labels were very

distinguishable and the model could reach a validation and training accuracy of 100%.

5.3.13 Applying the pillar/non-pillar Convolutional Neural
Network

The pillar/non-pillar CNN was trained on overall smaller images than the actual whole
WIRE screen-grab (1920 pixels by 1280 pixels) (Figure 5.3i), we used a script to break the
screen-grab image into smaller tiles (100 by 100 pixels) and pass these tiles onto the fitted
pillar/non-pillar CNN model. The model used the grad-CAM method to assign the tiles with

the pillar (heatmap) or non-pillar (black) label (Figure 5.3ii). Since there were some
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elements that the pillar/non-pillar CNN did not understand, for instance the cross-hair, the
scale bar, or the optical microscope image contours, these elements were interpreted as
the non-pillar class as a result of the lack of proper training for these images. To mitigate
this, we wrote a second script that preformed a padding operation towards accepting these
areas and thus completed the enclosed region of the microscope image (Figure 5.3iii).

After the padding and obtaining the final defined optical microscope region, we could

manipulate it by passing it onto the SERS/non-SERS CNN.

Figure 5.3: Applying an algorithm to break the WIRE screen-grab (A) into tiles, and then passing the tiles into the
pillar/non-pillar CNN. (B) Output of the tiles being processed with the CNN, heat mapped by grad-CAM algorithm. (C)
Padded final region of interest — optical microscope image- (D) final cropped optical image.

5.3.14 Applying the Surface Enhanced Raman Scattering / non-
Surface Enhanced Raman Scattering Convolutional Neural
Network

Once we obtained the cropped optical microscope image (CrOMI) (Figure 5.4A), we fed
the image onto the SERS/non-SERS CNN. As we faced again the same image size issue,
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we decided to break the CrOMI into tiles and fed the tiles into another script. This auxiliary
script cropped the pillars inside the tiles into single pillar images to be tested on the

SERS/non-SERS CNN. This script uses Pythons’ cv2 module (https://opencv.orgl/),

specifically the ‘cv2.findContours function’ that locates circle shapes in an image.
Afterwards, the SERS/non-SERS CNN classified the pillars and outputs the pillar image
with the grad-CAM heatmap overlaid to show if the pillar was SERS. Then there is a
reconstruction process where the pillar with the overlaid grad-CAM heatmap was
reconstructed onto the tile image (Figure 5.4B). The tile images with the grad-CAM
heatmap overlaid pillars were then reconstructed onto the CrOMI (Figure 5.4C), which
was in turn reconstructed onto the WIRE screen-grab (Figure 5.4D). The grad-CAM
heatmap locations give a visual cue to the Raman microscope user to direct the

measurement over the pillars that are SERS overlaid with the heatmap.

Figure 5.4: Application of the SERS/non-SERS CNN. (A) CrOMI from the WIRE software screen-grab. (B) Break the
CrOMI into multiple tiles and pass them onto the SERS/non-SERS CNN outputting the grad-CAM results heatmap. (C)
Reconstruct the CrOMI overlaid with the heatmap tiles. (D) Overlaid WIRE screen-grab with the highlighted heatmap
SERS pillars on the optical image.
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5.3.15 Real-time run event proof-of-concept

Unfortunately, it is not feasible to pass a real-time feed from the WIRE software itself into
our Python script due to Renishaw WIRE software limitations. To solve this problem, we
screen grabbed the whole computer screen and fed the recording into the script. Resulting
from this, we can provide a proof-of-concept test with a video feed from a real-time 8 pillar
measurement run; and subsequently, the WIRE feed was analysed with the full
functionalities of the CNN. Firstly, with the pillar/non-pillar CNN to obtain the CrOMI, and
secondly with the SERS/non-SERS CNN to obtain the grad-CAM of each SERS pillars.

The screen grab video was recorded using OBS software (https://obsproject.com/).

5.3.16 Real-time Surface Enhanced Raman Scattering pillar
tracking summary

Firstly, initialize the Raman system and set it up for Raman acquisition. While searching
for the EHD SERS pillars, the script screen-grabs the WIRE software in real-time (Figure
5.5A). From the screen-grab, a script that uses the pillar/non-pillar CNN model (Figure
5.5B) processes the screen-grab and identified the regions where there were pillars. The
identified region (Figure 5.5C, D) was then cropped into the CrOMI (Figure 5.5E) and the
CrOMI was analysed using the SERS/non-SERS CNN model (Figure 5.5F). This analysis
highlighted SERS pillars using the grad-CAM algorithm, and the heatmap activation
regions were overlaid on the CrOMI (Figure 5.5G). Then the CrOMI was overlaid onto the
WIRE software, facilitating the researchers’ task of measuring using the highlighted pillars

which were SERS active.
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Pillar/
non-Pillar
CNN

Figure 5.5: SERS tracking method overview. (A) Continuous image acquisition using an inVia Renishaw Raman
Spectrometer outputs SERS spectra corresponding to individual EHD pillars in the image. (B) The real-time screen-grab
is analysed by the pillar/non-pillar CNN, revealing the heatmap activation for the optical microscope region (C). (D) Later
padding it and cropping it (E). (F) The cropped image is passed onto the SERS/non-SERS CNN model and, the pillars
labelled as SERS, are highlighted using the grad-CAM algorithm (G). (H) The output overlays the WIRE interface with the

SERS/non-SERS activation regions over at the optical microscope screen section.
5.3.17 Scripts

All the scripts written for this work were done in Python (https://www.python.org/) and can
be found in [30]. The available scrips are the scripts to create the CNN (SERS/non-SERS
and pillar/non-pillar), the script to fit multiple peaks from Raman maps, the data
augmentation script, and the script that integrates all the scripts together and outputs the

screen-grab with the appropriate SERS activations layer.

5.4 Results and Discussion

Starting with the optimization of the SERS/non-SERS CNN, Figure 5.6A and Figure 5.6B

show different combinations of initial data and data augmentation, respectively. In Figure
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5.6A there are multiple regions labelled from i to v. In i, a total of 885 SERS/non-SERS
pillars were used and split into 221 SERS pillars and 664 non-SERS and later augmented
to a total of 40,000 images. Since the initial number of SERS pillar images are three times
less than the non-SERS, the augmented images from the SERS class had three times
more data augmentation cycles than the non-SERS. Because of this, the SERS
augmented data were more likely to be similar to each other. This fact is noticed by the
slight difference between the validation (91%) and training (94%) accuracy. The 3%
difference is related to a slight overfit of the model from the fewer SERS images compared

to the amount of initial non-SERS images.

For ii, a total of 2,100 original images were used and augmented to the same
40,000 images and then fed into the CNN model. Compared to i, the accuracy of the
results obtained in ii were lower, and the discrepancy between validation (84%) and
training (89%) accuracy increased (5%). This can be explained by the addition of pillar
images from other EHD samples. Since EHD samples can vary, the pillars grown for each
sample can also vary, thus by adding different pillars to the image pool, it increases the
variability of pillar images which affects the model fitting accuracy. Furthermore, in i only
one EHD sample was used thus the accuracy obtained was better compared to ii,
because learning from similar pillar images outputs better accuracy. However, the model is
then not general for different EHD samples which explains the slight decrease in the model

accuracy.

For iii, a total of five EHD samples were used, as well as additional pillar images
from another optical microscope with better resolution and added colouring to help the
generalization of the CNN model. Overall, 3,000 pillars total (2,800 pillar samples from the
Renishaw microscope, 200 pillars from the Leica optical microscope) were augmented to

40,000 and analysed by the CNN. With these changes, we observe a decrease in the
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validation accuracy to its lowest value (81%). This decrease in accuracy can be explained
by the addition of a few new images from another microscope and the addition of more
EHD images from different samples, which negatively impacts the overall accuracy of the
model as a consequence of the increased variance with the additional pillar images.
However, these added images help the overall generalization of the model, in spite of

lowering its accuracy.

More images from the Leica optical microscope can be added to help the
generalization of the CNN by increasing the variability of the pillar images. In iv, the
number of optical images was increased to 3,800 pillars, resulting in a slight improvement
of the model's validation (83%) and training (91%) accuracy that remained unchanged
after increasing the total number of optical images to 4,200 pillars (v). After this point no
more pillar images were added to the dataset to prioritise the improvement of the CNN

model by optimizing the data augmentation cycles.

Moving on to Figure 5.6B, the number of original images constant (4,200) while
improving the total number of augmented image data. From the previous tests, a total of
40,000 images were data augmented (20,000 SERS and 20,000 non-SERS) which
resulted in an 83% validation accuracy and 91% training accuracy. By increasing the
augmented images to 100,000 (50,000 SERS 50,000 non-SERS), the values obtained for
the validation accuracy were improved to 88%, shortening the distance between validation,
and training accuracy (91%), hence turning into a more general model with less overfitting.
Finally, with 200,000 augmented images we obtained similar validation accuracy (90%)

and training accuracy (90%) value, showing a reliable model generalization.

Another interesting finding in this work refers to the relation between the relative

accuracy difference (RAD) of the validation accuracy (VA) and the training accuracy (TA)
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regarding the ratio of the number of augmented images to the number of original images,

as shown in Figure 5.6C.

_TA-VA
== <100 (5.2)

There is a clear decrease in the RAD (Equation 5.2) values when the ratio between
augmented and original images increases, reaching a minimum for the ratio between
4,200 original images to the final 200,000 augmented images. With these settings, we
managed to train a model with very low overfit since both training and validation accuracy
are high and the same, 90%. Moreover, this model is capable of distinguishing SERS from

non-SERS pillars and is the final setting used for the proof-of-concept run.

To develop a generalised CNN model it is important to work with the highest
number of images that can describe an EHD sample. By comparing the difference
between the validation and training accuracy values obtained for the initial 885 images,
which all come from one sample, (90.5%/94%) with the final 4,200 image dataset, coming
from 5 samples and 2 different microscopes, (90%/90%). The higher accuracy obtained for
the 885 images could give the impression that the model is well trained and generalised.
However, in reality the model would be overfitting to a specific set of pillar images from
only one substrate and not generalizing to the whole possibility of EHD pillars from many
substrates, which would lead to mistakes when running a test sample. Even though the
training of different pillars images from different samples would results in a loss of

accuracy, it is worth it for a better overall generalization of the EHD sample.

To check if there were simpler alternatives matching the pt-VGG16-ft CNN
accuracy, some additional tests were performed over simpler CNN. More complexity to the

CNN was progressively added and the training and validation accuracy was tracked until
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reaching the pt-VGG16-ft architecture described in Figure 5.6D. For this analysis, initial
layers were added and progressively added intermediate and terminal layers. When we
added the top layers to the initial models (model 1-4), the performance of the CNN stayed
around 75% for both training and validation accuracy. When adding the intermediate
layers (after model 4), both training and validation accuracy decreased, especially for the
model 6 and 7 (highlighted with a *). The model broke down and reverted to 50% training
and validation accuracy, most likely due to overfitting issues. This issue only occurred

when changing the intermediate layers.

Lastly, when adding terminal layers (models 8 and 9), the model improved slightly
(74%), but the accuracy never got back to the level of the simpler models (models 1,2 and
3). The potential reason for this is that the pillar images used in this work were small
(approximately 50 by 50 pixels in size). For this image size, a simpler CNN can obtain
better accuracy than a complex CNN since the more complex CNN will have more
redundant information when trained on its own, which can lower the model accuracy.
However, with the incorporation of the pre-trained layers (pt-VGG16) the model accuracy
(model 11) improved and approached the 80% accuracy, proving the power of
incorporating the pre-trained VGG16 into a model. Finally, when fine-tuning the terminal
layers of the pt-VGG16 — model 12, the CNN reached the maximum level of 90% accuracy
for both training and validation datasets. With these sets of tests, we showed how powerful
the combination of the pre-trained VGG16 and the fine-tuning are for the accuracy

improvement of a CNN, and that is the reason why we used it for our proof-of-concept.

Comparing the pt-VGG16-ft results with those from [11], the validation and training
accuracy found was around 99% with the same model, similar EHD samples but a
different image quality. In [11], images were obtained from AFM. Since these images have

better resolution and the colouring of the AFM image is related to pillar height changes,
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they are more comparable between each other. Thus, the AFM images provide more
information to the CNN. Moreover, compared with the optical microscopic images, which
have the advantage of including colour information which helps with the CNN modelling
however, the lack of height profile information means it is not as defined to the model as
the AFM images. This is the reason why we incorporated images from the Leica
microscope to give the model additional colour information to train on. Nevertheless, they
are not comparable to the height information obtained from the AFM, so we are mostly
working with the pillar shape and colour variation as the only aspects for the CNN to
consider from the optical images, and not any information related to pillar height

difference.

The downside to using an AFM for image collection is the long acquisition times
required to obtain high quality images. Because of this, having large amounts of AFM data
is hard and so only a total of 130 images were acquired in [11]. The low amount of original
data can affect the overall accuracy of the model and give it a better accuracy value than it
should be, as it was seen in Figure 5.6Ai. Hence, here in this work an optical microscope
system was used to acquire more images and be able to do this in real-time rather than
several hours for AFM, although at the cost of image quality. With these considerations,
the present work generalizes better for SERS pillars than in [11] with a faster method and

with only a 9% decrease in accuracy.
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Figure 5.6: (A) Validation and Training accuracy change compared with the number of initial images. Marked as points
of interest 1-5 for different data augmentation iterations related to Table 5.1. Orange circle related to (B). (B) Validation
and training accuracy values changing with the number of augmented images from 5-7 related to Table 5.1. Orange
circle related to (D). (C) Relation between the relative difference (%) between the training accuracy and validation
accuracy and the ratio of the number of augmented images to the number of initial images. (D) Validation and training
accuracy changes with different CNN model architecture, * notation related to models breaking down after some epochs.
Changes between subsequent CNN architectures highlighted by a thicker square boarder.

After the development of our SERS/non-SERS CNN model, we wanted to automate
the process of identifying SERS pillars while using the Renishaw Raman system. To that
effect, we load the Renishaw system over the sample, use the pillar/non-pillar CNN model
to first get the CrOMI from the Renishaw video feed and then passed the CrOMI into the
SERS/non-SERS pt-VGG16-ft model, as described in Figure 5.5. The identified pillars

were labelled according to their SERS/non-SERS CNN classification. If the pillars were
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labelled as SERS, the grad-CAM algorithm would overlay the activation spot over the pillar
image. The activation spot was designed to only highlight activations above 0.8 (value
between 0 and 1). In other words, weak SERS activations between 0.5 and 0.8 were not
highlighted. These considerations positively affect the algorithm by decreasing the false
positives rate since, during our testing of the model, some pillars were labelled as SERS
but had a weak activation value of around 0.5-0.55. These activation values mean that the
model classifies these pillars almost as a coin flip. A non-SERS label was applied to
prevent false positives in these circumstances since the model was unsure of which class

the pillar belonged to.

Whenever the activation value was above 0.8, the WIRE image was reassembled
with the grad-CAM regions showing the SERS pillars, Figure 5.7Ai. As a test-run, a
selected patterned area in Figure 5.7Aii was selected and ran a total of eight different
pillars for the SERS/non-SERS proof-of-concept Figure 5.7Aii (A-H). The different
intensity ratio, real label, and activation are shown in Figure 5.7Aii table. In Figure 5.7Bi
and Figure 5.7Bii we highlighted two different Raman acquisitions showing a clear
distinction for the signal of the different pillars and their respective activation. Overall, the
classification labels have been correct six times while the remaining two classes were
unclear to which pillar they belonged to, thus for these cases, a * was added in Figure
5.7A.ii table and half a point was given to the classification. With these considerations, the
accuracy of the test-run was 87.5% which is a similar accuracy value obtained for the pt-

VGG16-ft model of 90.0%.

A couple of subtle considerations in this approach should be considered. Firstly, the
original image had some unknown features to the SERS/non-SERS model such as the
cross-hair and the scale-bar, which are part of the WIiRE interface by default, Figure 5.7A.i.

These regions were never considered when training the SERS/non-SERS model. Thus,
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pillars next to these details were always inaccurately classified. Despite this, there is still
room for many pillars to be analysed. Another consideration appears during the process of
breaking the CrOMI into tiles, Figure 5.4B. The method selects a fixed pixel size to section
off the CrOMI. Each tile is a square, and in some cases, the crop happens over a pillar
which makes them unusable for the SERS/non-SERS classification, so the model does not
consider these cases. Also, only the pillars enclosed by the circle contour script are
considered, so some pillars are inevitably left out if they are not considered a circle by the

script.

Pillar 1710 Label Activation

A 3500 SERS Yes

B 1200  nonSERS* No

G 4500 SERS No*

D 650 nonSERS Yes*

E 3500 SERS Yes

F 650 nonSERS No

G 3000 SERS Yes

H 750  nonSERS No

[ Accuracy  87.5%

19000 - 19000

Counts.
Counts

6000

500 1000 1500 2000 500 1000 1500 2000

Raman shift {cni") Raman shift (erm?)

Figure 5.7: (A) (i) CrOMI with outline SERS activation pillars. The red dashed square defines a test-run region. (ii) Zoom
in on the test-run region with highlighted SERS activations. Table with the accuracy score test, the relative intensity of
the pillar (I/10), the real pillar label and the activation classification label. (B) SERS measurement tests. (i) SERS
measurement with the appropriate activation over the pillar A pointed with an arrow. (ii) Non-SERS measurement without

any activation over the pillar B pointed with an arrow.

With all these considerations, the number of activated pillars in the final image tend

to be less than the real SERS pillars. However, the goal is to improve the SERS pillar
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prediction process to facilitate making the decision to measure SERS pillars, which
improves the SERS reproducibility, and with the aid of the CNN we have improved greatly
the SERS selection in comparison to our first approach of random guessing, thus making
the spectra collected more consistent and data collection can be achieved in a shorter

time.

5.4.1 Further work/Improvements

Some improvements can be made to the CNN to obtain a better score than 90% accuracy.
The first one refers to the design of our CNN because it was made to have an input image
of 50 by 50 pixels. The pixel size was defined to optimize the computational time, however,
defining this pixel size creates a problem when using the grad-CAM algorithm. Multiple
2DMaxPooling layers are used, and after each passing of this layer the image is shrunk to
half the pixel size, resulting in a feature map of 3 by 3 pixels at the end of the CNN. Thus,
the grad-CAM algorithm outputs the heatmap with these same dimensions, which are too
small to identify any detailed features in the original image (50 by 50 pixel). Although there
is a SERS activation region, it is mapped as a square of 50/3 by 50/3 pixels on the larger
pillar image of 50 by 50 pixels. These pixel differences make the grad-CAM heatmap
overlay less precise to give information about the exact spot where SERS activation will be
detected on the pillar. To solve this issue, we need to increase the input size to 150 by 150
pixels or more. This change comes with an increase in the run time of the script but, in the
end, the grad-CAM algorithm would output a more defined window to plot a more detailed
grad-CAM SERS activation. This fact was considered when dealing with pillar C and D in
Figure 5.7Aii, where both pillars shared the same region when fed into the SERS/non-

SERS model, which was later SERS activated. The activation was highlighted in the same
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region for both images, thus the reason why we considered adding half a point for this

imprecise classification.

Another area for improving the system is concerned with adding additional pillar
images from a more precise tool such as the AFM. AFM images have shown great results
when used for SERS/non-SERS classification [11] although the AFM acquisition time is
higher than the optical microscope acquisition time. Perhaps this work could have been
improved if some AFM images from the same pillars were incorporated into the dataset, as
well as added new pillar images using a higher magnification objective such as the x100
objective. Potentially, with this new dataset, a better accuracy for the SERS/non-SERS

model could have been obtained.

Regarding the script used to obtain the CrOMI, an addition to the script section can
be further implemented regarding the image processing. Such as an improved tile
cropping method (Figure 5.4B) and a script to perform padding over the cross-hair and
scale-bar sections (Figure 5.4A). Here, two potential implementations were describe on
how to correct these issues. First, there is an image processing function in Python called
cv2.laplacian that can remove straight lines and could be a viable candidate to remove the
cross-hair and scale-bar lines. The algorithm automatically fills the missing lines by
padding the region with average colours from the pixels surrounding cross-hair lines.
However, the padding can affect the pillar images if they are located near the lines.
Another alternative is to overlay two CrOMI images by making a small adjustment to the
sample’s position between each image acquisition, then combining them. The combining
process would automatically remove the cross-hair and the scale-bar since the images are
taken from different spots, so the script could automatically stitch a new image without
them. This method also helps with the tiling of the CrOMI process, which occasionally cuts

pillars when cropping the tiles, making them unavailable for classification. With this option,
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the two CrOMI images could be tiled together and whenever a pillar was cut in one CrOMI,
the other CrOMI would not have it cut, so a selection of all the uncut pillars could be done
and later used to feed into the SERS/non-SERS model. With these considerations, the
resulting grad-CAM image would have more SERS pillar activations since more pillars
would be processed, resulting in more SERS pillars being found and, potentially, more

SERS pillars available to select.

Finally, the decision of the SERS/non-SERS intensity can also be improved. Since
the intensity value distribution is not a normal distribution, a risk was taken when assigning
SERS labels to 'weak’ intensity values. This approach, however, underestimated SERS
values and considered SERS samples EF~10*, which might not be the best decision when
dealing with SERS. After some deliberation, a better approach would be to choose EF~10°
to ensure that the only pillars used for measurements of the analyte were very good SERS
pillars, even though this approach comes with a drawback, as the number of pillars with
the SERS label would drastically decrease. This is the reason behind the use of the 3™
IQR of the intensity as a more moderate divider between classes. Another different
division system could be tried in the future that would output better accuracy results. For
instance, a range for SERS pillars could be added instead, considering SERS pillars with
the EF between, 10°<EF<2x10* If this approach was followed, the new dataset would
have been built around the two labels: one for average-SERS with 10*<EF<2x10* and
another not-average-SERS with EF<10* and EF>2x10* This approach would make a
more refined SERS reproducibility case because it would force the classification of SERS
pillars to be between a certain range of EF. This would give a consistent enhancement to
the analyte, making it very useful for clinical diagnosis of biomarkers in a clinical

environment.
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Overall, the CNN developed in this work has reached a 90% accuracy in real-time
detection of SERS pillars from an optical image. These results are very promising and
extendable to other SERS substrates. Hopefully, a contact with the Renishaw company
could be made to implement this software onto their products so that every user could

have a specialized SERS detection function in their machines.

5.5 Conclusions

In the present work, a CNN was developed that can accurately predict 90% of the SERS
pillars in an EHD SERS substrate using optical microscope images. This high accuracy
value for optical images was possible with a large dataset of 4,200 raw images and
subsequent large data augmentation of 200,000 samples, 100,000/100,000 for each
SERS/non-SERS class. Combining the whole image dataset with a pre-trained CNN with
fine-tuning of the last layers, pt-VGG16-ft, made the high levels of accuracy of the CNN

model possible.

Pre-trained models used like the pt-VGG16-ft have shown to be suitable to produce
high accuracies within models. However, it is very dependent on the computational power
available to the user running the script. Potentially the script can also be executed through
a cloud service. With these additional computational resources, more raw data images
could be added past the 4,200 and further extension of the data augmentation process.
Additionally, adding better quality images for the training from different sources, for
example the AFM and better resolution objectives, would further reduce overfitting and
improve the overall accuracy of the model, perfecting the generalization to the EHD

patterns.
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A final script of this work was designed with the function to analyse WIiRE-feed real-
time images of EHD pillars through the optical microscope image and give accurate
predictions over the CrOMI, highlighting SERS pillars to be used for data acquisition of the
required analyte. There are some areas for improvement in future iterations of this script,
such as the way pillars are cropped into tiles and further developing the pillar contour
function to improve pillar selection. These changes would increase the number of identified
SERS pillars shown over the CrOMI, which would increase the selection of SERS pillars to
the user. Some additional changes could be done in terms of the classification rule
imposed for labelling SERS and non-SERS pillars that could potentially give better

accuracies to the model and more consistent SERS reproducibility.

Overall, the ML has been hugely beneficial in this analysis to find SERS-active
substrates produced from EHD lithography. This work has demonstrated the power of ML
and how it can be applied to many areas of analysis in the engineering field with positive
consequences. In this way, the CNN has proven to be a valuable tool for analysis of

SERS-active substrates in real-time.
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CHAPTER G

Saliva data and peak analysis review
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This chapter serves as an introduction to the following one, "Open-source software for
Raman data plotting, multivariate analysis, and spectral peak fitting." The goal of
developing software capable of analysing Raman data stems from the need to identify the
various ways Raman data is preprocessed and processed and, as a result, to create a
unique code to manipulate Raman data. As a result, this chapter discusses various Raman
data preprocessing and processing procedures for saliva sample analysis. Because there
is a significant amount of interest in figuring out how saliva can be used as a bioanalyte
due to how easy and non-invasive it is to collect samples, there have been a plethora of
studies on identifying specific biomarkers in saliva that can translate into health problems.
As a result, the Raman data analysis software was expanded to include a peak analysis
component, and saliva literature was reviewed for significant peaks and relevant
biomarkers for the presence of any health-related disease. As a result, the research in this
chapter focuses on the findings in the literature concerning the preprocessing and
processing of saliva Raman data. Parts of this chapter have been incorporated into two
literature reviews related to saliva and Raman spectroscopy. The papers are the following:
“Hardy, M., Kelleher, L., de Carvalho Gomes, P., Buchan, E., Chu, H.O.M. and Goldberg
Oppenheimer P. “Methods in Raman spectroscopy for saliva studies — a review”. Vol. 57,
Applied Spectroscopy Reviews. Informa UK Limited; 2021. p. 177-233. Available from:
http://dx.doi.org/10.1080/05704928.2021.1969944 “ mainly section “9 Data analysis”. The
other review paper published was: “Buchan, E., Hardy, M., Gomes, P. de C., Kelleher, L.,
Chu, H.O.M. and Oppenheimer, P.G. “Emerging Raman spectroscopy and saliva-based
diagnostics: from challenges to applications”. Applied Spectroscopy Reviews. Informa UK
Limited; 2022. p. 1-38. Available from: http://dx.doi.org/10.1080/05704928.2022.2130351 *

mainly parts in section “2.3 Healthcare — Cancer types”.
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6.1 Abstract

This chapter discusses the Raman data and peak analysis related to multiple saliva
studies regarding cancer. One of the most important issues with Raman spectra is their
analysis. Not only individual analysis but a comparative analysis between similar Raman
spectra. Here a guide for different approaches to tackling Raman spectral analysis is
provided with a special focusing on saliva. Saliva has been used as a biofluid since there
has been a special interest in analysing its Raman spectral components and relating them

to specific diseases.

Additionally, the saliva collection method is simple and non-invasive. Thus, the
patient is more likely to donate saliva, and it is easier to pass ethical approvals. However,
Raman intensity information from saliva is usually weaker than other forms of biofluids
(blood, plasma, urine), hence the need for additional computational methods to

differentiate biomolecular fingerprints of the weak saliva signals.

6.2 Methodology

A python script was developed to inspect downloaded papers in pdf file format and then
detect Raman peak information in order to create the saliva Raman peak libraries.
Furthermore, not only the peak values but also the sentence in which the peak value
appears were saved for context about the nature of the peak. These scripts can quickly
check many papers, with all peaks and their context written in a csv file. This can then be
processed by the user. To interpret text written in a pdf file, the pdf file must be converted
into an image using the pdf2image package®. Because pdf files are vectorized™,

converting a pdf to an image allows it to be interpreted by the PyTesseract module®®, a
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python version of the Tesseract-OCR (Optical Character Recognition) developed by
GoogleP®. Using these tools, the Python script can load and interpret various articles.
Because Raman peak locations are the information of interest in this study, and Raman
peak information is always written with the cm™ termination in the literature, a template
location method®® can be used to identify cm™ sentences. By searching for this specific
keyword, the code extracts the peak and its context. A table of Raman peaks, their context
(where the peak came from, what the peak is related to), and the paper to which they
belong, can be generated, quickly read through, and processed as has been done in this

work. The script for the complete code can be accessed through [37].

6.3 Sample size influence over Machine Learning
analysis

This section covers the data analysis used throughout many publications related to the
Raman spectra of healthy/unhealthy saliva patients. Data analysis can be performed using
different machine learning (ML) models involving advanced statistical analysis. These
models help differentiate minute features between healthy and unhealthy patients that are
difficult to distinguish through direct observation and manual comparison. The results
coming from these models are interpreted, and relevant inferences can be made regarding
specific features that classify the different health conditions. However, many
considerations are required when dealing with ML. One of the most important is the
sample size, i.e., the different nhumber of patients. These patients can be separated
according to their healthy versus unhealthy conditions, and often subsets of unhealthy
patients arise, such as degrees of infection or different cancerous stages. Afterwards, the
number of samples is split into training and testing samples. To train an efficient ML model

it requires a sufficiently large number of samples to have meaningful results. There are
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many difficulties in obtaining a large number of samples in the medical setting, mainly
because the number of patients with a specific cancer type and without much in-class

variation is often small.

In the end, only a small sample size is gathered and used. According to [1], the
ideal sample size per class is around 75-100 to get meaningful results. The importance of
having a large enough sample size is to reduce the overfitting and improve the differences
between classes. Overfitting means the inability of the model to generalise, i.e. the model
becomes biased towards the training samples. Thus, it is unable to interpret samples from
outside of that training sample space. Overfitting is a significant challenge when dealing
with small sample size and detecting when it happens is not trivial. Therefore, getting the

largest possible sample size to train a ML model is essential for accurate predictions.

From the papers analysed™?Y, it is clear there is a great degree of variation between
sample sizes’, some from only 20 total samples (10 healthy/10 unhealthy) to a larger
sample size of 128 (64 healthy/64 unhealthy). However, most of the large sample size
data is gathered from Raman data banks online ?%, which are easier to access than
obtaining samples directly from patients (Figure 6.1). The number of samples used for
data analysis can drastically change the overall results of the analysis. For instance,
samples with only 20 samples (10 healthy/10 unhealthy) ©8 will have overfitting

complications in their machine learning models due to the lack of training and test data.
The following example shows how a small dataset affects model overfitting.

The effect of a small dataset on the overfitting of a model can be illustrated by the
following example. To train/test a model, the initial sample needs to be split into train/test

data, usually in the 80%/20% proportions. If there are only ten different patient samples,
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the number of train data would be eight, and the test data would be two. The most

common way to train the model is using the cross-validation (CV) algorithm[22].

The model will be trained by consecutively splitting the train data into training and
validating data. CV is associated with an integer that determines how the dataset is split.
For instance, from the eight training data, six will be used to train the model and two will be
used to validate the model. This action will be repeated until the model has seen all the
different validation data. Finally, after the CV, the model is tested on the two samples from
the testing dataset (note that the model has never seen these samples). The accuracy of

the model can be extracted from the testing samples.

When dealing with machine learning for diagnostic applications, some questions
arise. If a model is well-trained, a train with only eight samples can be used to determine
the impact of overfitting. What is the performance of a model when only two samples are
available? How well do two samples from different patients represent the entire sample
space of a patient? Is it possible to extrapolate conclusions from two samples to the entire
population? Will future patients believe predictions made by a machine trained on only two
samples? The answer to both of these questions is unequivocally no. However, the
negative aspects should not be the primary consideration. They must be respected, but
the vital point is to focus on the positives and the potential that these new ML techniques
can have in assisting with disease diagnostics, therapeutics, and monitoring. The only
drawback is the small sample size, which, if overcome, will increase patients' and

clinicians' trust in ML diagnostics.
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Figure 6.1: Stacked bar plot of the variation in sample size between different research papers. In orange, the number of
unhealthy samples and the number of healthy samples in blue.

Many other factors can affect the way that ML impacts the sample analysis. Such as
the intrinsic differences between the same group of patients, i.e. the patient's gender,
ethnicity, and age, are all crucial factors that can slightly change the same group data
samples (increase within-class variance)[23]. These changes can be further amplified
when small sample size is required to train. The outcomes/conclusions will be skewed,
which is undesirable for a generalised model. Another nuance that can affect the ML
model is that the preprocessing done on the data before an ML analysis can also impact
ML diagnostics. Great care needs to be given when applying any aggressive changes to

the raw data, smoothing/denoising/filters and thus, should be avoided.

Going into detail about the separation of samples into training and testing data and

how the training was validated using a CV algorithm. After the ML model is trained, it
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needs to be tested on data that the model has never seen before. A set of statistical
guantities like sensitivity, specificity, and accuracy measures how well the model gets the
correct identifications. The relation between the sample size and the statistical parameters
is observed in Figure 6.2. The larger the dataset, the better the statistical parameters
become. However, the trend is not perfectly linear since there are cases where a small
dataset (30) reaches 100% accuracy, but a large dataset (130) can only reach values
between 90-100% of accuracy. Although for the case with a small sample size, getting
100% per cent accuracy might indicate a model bias to the dataset, and the results should
be rejected until more data is available. As a golden rule for ML results interpretation, if the
sample size is small and the statistical parameters are in the 100% range, the ML model is
most likely biased, and the results did not generalise. The solution to this issue is to
acquire more data. Besides these methods, using cross-validation when training is always
an option; however, the results will again be biased if the data size is small.

Specificity, Sensitivity and Accuracy changes with number of patients
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Figure 6.2: Specificity, sensitivity, and accuracy variation with a different number of patients. Increase the statistical
values with an increasing number of patients (healthy + unhealthy). Sensitivity describes the portion of true positives
correctly identified by a diagnostic test. Specificity is the proportion of the true negatives correctly identified in a

diagnostic test. Accuracy is the proportion of accurate results, in a population.
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6.4 Different data processing methods

Finally, we summarise the data processing done after data acquisition until the ML
diagnosis result (Figure 6.3A-G). The different data processing varies between authors,
but most prefer to follow the red line in Figure 6.3 schematics. The data processing starts
with an initial baseline subtraction (Figure 6.3B), followed by a vector normalisation of the
spectrum (Figure 6.3C). Next, a preprocessing (Figure 6.3D) of the Raman data, usually
with a principal component analysis (PCA) treatment, rejecting the components with the
least significance and keeping the most important ones for the multivariable analysis
(Figure 6.3E). The ML model choice was split among authors from least discriminant
analysis (LDA), artificial neural networks (ANN) to support vector machine (SVM), all three
showing decent results (90%-100% accuracy), with the ANN being the best. The model
(LDA/SVM/ANN) is then trained/tested by first performing a data split between 20% for
testing data and 80% for training data and then scored using the leave-one-out cross
validations (LOOCV) classification algorithms (Figure 6.3F). From the different
classification results (Figure 6.3G), accuracy, sensitivity, and specificity can be extracted,
accuracy being the best indicator of the quality of the generated model. Complementary to

these results, most authors also present a receiver operating characteristic (ROC) curve.
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Figure 6.3: Most relevant procedures for Raman data processing and analysis. In red, showing the most common data
processing path among researchers. A: Data collection, B: baseline followed by normalisation, C: normalisation followed
by baseline, D: data preprocessing, E: machine learning multivariable analysis, F: classification of the machine learning

model, G: results and H: loadings.

Going in-depth for each data analysis procedure, for the baseline subtraction, most
authors opt for an asymmetric least square smoothing (AsLS) **2 or a high order
polynomial fit 331624 Next, one author performed a smoothing after baseline subtraction
[ This step was avoided by the remaining authors mainly because any smoothing would
affect the true nature of the Raman peaks. After the baseline subtraction, most groups
perform an area normalisation [91°133 others normalise the data to the maximum
intensity value @524 Normalisation is essential for comparing Raman spectra from
different samples on an equal footing. Normalisation closes the intensity gap between
different spectra, allowing for a more accurate comparison of peak intensities. If no
normalisation was performed, the ML model would distinguish primarily based on the
difference in intensity (samples with more vs. less intensity signal) rather than the minute
differences between samples (same peaks have lower vs. higher intensities). It is up to the

user to decide whether to perform a normalisation based on maximum peak area or
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maximum peak intensity, as the normalisation affects subsequent multivariate analysis
procedures and thus the final results and conclusions. Also, a small minority of authors
718 prefer first to use a normalisation followed by baseline subtraction. Although it is not
the norm, the results might be that the same values between different groups are still
comparable. However, it is always preferred to normalise after the baseline correction
since the intensity values are consistently between zero and one for a maximum intensity
normalisation. Or the area under the curve between zero and one for the area
normalisation. After the normalisation, two authors 24 perform smoothing of the baseline
subtracted normalised spectra. They perform a Savitzky-Golay filter smoothing. For data
analysis, smoothing should be avoided, there are occasionally cases where the spectra
are very noisy, and if it is impossible to acquire more measurements from the sample, then
a low factor smoothing can be performed as a last resort. Most authors, however, avoid

smoothing altogether and proceed into preprocessing.

The preprocessing step serves to simplify the corrected Raman spectra data into a low
dimensionality space. Most authors perform a principal component analysis (PCA) #&
13151819241 oyer the Raman data. They also perform a complementary t-test over the
principal components (PC) in order to select the best components. Other authors select
the number of components until the variance sums reach 90%-95%. Besides the PCA, a
group performed a genetic algorithm (GA) [ which selected the most important features
from different Raman spectra. GA is a machine learning algorithm based on the theory of
evolution, where features from the Raman spectra that dominate over others will be stored
and the others ignored. Only the important peaks will be used when feeding into the ML

algorithm.

The preprocessing step is solely used to help the computational load and thus can

be avoided. It is challenging to figure out whether decreasing the complexity of our data
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can improve the diagnostic capabilities of our model, i.e. if less and condensed data is
better than more but scattered data. As a result, even if the computation process takes
longer, the improvement in model accuracy may be overall beneficial, so the ML algorithm
should use the entire set of components. After the data preprocessing it follows the
multivariable analysis. Here the PCA preprocessed data as input for the different ML
algorithms. The input data needs to be split into training and testing data. The most
common separation is 80%/20% 391012 however there were some groups that did
90%/10% 2% and 60%/40% ™. For the ML algorithm choice, some authors prefer to use
LDA B611131819 gthers ANN “79 and others SVM 10161720241 ‘M| models' function is to learn
patterns in the feed-in data. Initially, the choice of LDA or SVM is perfectly fine. If the
output results are not adequate, ANN can be used to solve more complex multivariate
analysis problems; however, it needs developed intuition to interpret the results. To
finalise, the model needs to be classified. If ANN is used, a choice for the optimiser, loss

function and metrics are required.

The choice for the optimiser and loss function is very much dependent on the case
study. Usually, for healthy/unhealthy patients, the binary cross-entropy for the loss function
is optimal since it is optimised for two outcomes. For the metrics, accuracy is the most
used parameter. The optimiser function adjusts the differences in internal weights
according to two consecutive iterations scores using a Backpropagating algorithm. The
goal of the optimiser is to lower the loss score. When the loss score plateaus, the
optimisation is done, and the metrics can be calculated *"°. For the LDA and SVM, the
classification method of choice is the LOOCV [111317.20.24] |t js the most common method
for classifying an ML model. For the sensitivity, specificity and accuracy results,

considering the number of available patients is required when evaluating these statistical
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results, as already mentioned in Figure 6.2. The best results were obtained for ANN,

although both LDA and SVM were acceptable.

It is essential to have an accurate diagnosis from ML analysis and identify potential
biomarkers specific to the patients' condition. The following section is dedicated to the
most common healthy and unhealthy saliva biomarkers that can potentially identify
changes between different patient groups. As described in Figure 6.3 D—A, when the
preprocessed data is interpreted back into Raman data, this new Raman data will be
slightly modified and different from standard Raman data. However, it can still be analysed
and provide unique insight that can potentially open new diagnosis possibilities or
treatments. Some authors have performed a GA to track the most important peaks 92,
Others convert the principal components from the PCA analysis into respective loadings.
The loadings can easily be calculated by matrix multiplication of the eigenvectors with the
square root of the eigenvalues. The specific biomarkers gather from this analysis are
related to the saliva of unhealthy patients (acute myocardial infarction 3 cancer
[6.11.12.14.15.16182123] ' yjiryses 2520281 Alzheimer ') or others state altering condition (smokers

21 drugs 6%:273% radiation ®) and healthy patients.

6.5 Saliva peak analysis

Below a statistical analysis of the biochemical content in saliva is presented related to the
previous publications[6-13,15-18,31], complementing it with a detailed comparison of

which peaks are effectively changing from healthy to unhealthy patients[6,8,11,13,15-17].

Most of the peaks present in saliva are related to protein/amino acid differences.

Overall, 50% of the peaks assignment in the literature related to saliva from cancerous
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patients are from proteins 1315161831 Almost 29% are peaks associated with other
biomolecules, like antioxidants, amino sugars and other vibration bonds with no indication
of the molecule related to 61824281 904 to nucleic acid 7913161831 704 to lipids 181115171831
and 5% to sugars 211121618 Erom the protein biomolecule group, the most mentioned
chemical vibration was assigned to phenylalanine with 33 mentions, followed by tyrosine
(31), tryptophan (26), amide IlI (tertiary) and | (primary) (11,10) (Figure 6.4 red). For the
nucleic acids, cytosine (6), adenine (5), guanine (5), thymine (5), guanosine and uracil
(2,2). For lipids, phospholipids (6), cholesterol (2) and phosphatidylcholine (2) and lastly,
for sugars, D-glucose (7), glycine (2), D-mannose (2). Other, less frequently mentioned
biomolecules found in saliva (1) were not considered in the statistical analysis.
Furthermore, when dealing with a specific group of biomolecules, occasional peak
assignments were ambiguous and were left as 'unspecified' or put into the mixed group if

they were related to ambiguous bond vibrations.
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Figure 6.4: Raman peak assignment on cancerous saliva samples. Their biomolecular group displays a doughnut pie
chart of the most prominent peaks in the literature.
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A whisker plot was constructed from all the Raman peaks found in the literature
(Figure 6.5). The x-axis is the Raman shift locations of the different biomolecules with
respective whisker plot statistics (quartiles, median, max and min). In the literature, some
authors only mentioned the general biomolecule (e.g. protein) without giving the specific
amino acid or the specific protein vibration peak. A generic protein label was incorporated
into the whisker plot despite lacking specific information. Furthermore, in Table 6.1, the

peaks can be traced back to their source.
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peak assignment is singular, a stripe represents the symbol—complemented with Table 6.1.
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The data presented here span the 400-1800cm™ region of Raman shifts. This

region is the most common when analysing biological systems like saliva. Many different

amino acids are present throughout separate Raman shift regions regarding the

biomolecular content, and even some share the same wavenumber. Due to this peak

degeneracy, finding a specific contribution to a peak can be complicated, so most authors

present an attempt peak label, which might not be accurate. This situation not only serves

to illustrate the complexity of peak labelling on a complex biological system like saliva but

also seeks to provide a peak label roadmap for saliva.
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Hypoxanthine
IgG

Lysine
Lysozyme
Methionine

Phenylalanine

Proline

Proteins

Serine
Tryptophan

Tyrosine

Valine

1640°,1645%,1655'07,16618,166412,16677,
1670%,1684"

15507,1555%,1560"

12041,1224" 1260¢,1265%5,1268%,12751, |

1280%,1305%,13181%,1336%

7358
12041,1265%,1340'%,1447%,14528
509167216

579

8841

88418

57957

1087°
8761°15,880%,8841%,12077,1210%
14137

1204",1409"

1009
523%,6257,6437,13547,1446°,15547
696"

620862171015 6221 6257,64315,650°,999154
,10024812,1003"%,1004%%,1009*,1031%,
10321,1033%,1170%,1174°1°,11767,1204'*
,1449%,1600%,1603",16057,1606%,1610¢

7537,8841,923716.17 92518 935%,9857,1204
1

52318 62218,72317,7319,853%,920%,1047",
1049%5,10771,10845,1125%,1280%,1369
18 1440%,14491315,16677

807¢

54611 5797, 7351 75513 7571 758740 760%,

878710,8807,884'¢,11267,11277°,1208%%,1
3691%,1449°10,1548¢,155215,15547,1556°1°,
1560%7

633¢,643771013 7537 80813 830710 85710,
85315,85471915,909% 1009, 11741°,11767
5,12041,12061°,12077,121013,1265°,12727,
1600%%,1603",160670

8841

Nuclei Acid Tentative assignment

Adenine
Cytosine
Guanine
Guanosine
Hypoxanthine
Unspecified

Thymine

Uracil

Table 6.1: Raman biomolecule information from cancerous patient saliva with respective Raman region.

Protein Tentative assignment Peak position (cm™)

Peak position (cm?)

6228 723173215 735% 13824
672'°,696,73518,789'8,991°,1527"
523167217358 1369%,1382Y
668%

9637

450%,708%,725%,790¢,1077%,1330',1339¢,
1662°

52318 735%,789*,1280'%,1369'
78918,138217

Lipids Tentative assignment Peak position (cm'?)

Cholestrol
Glycerol
Unspecified

Phosphatidycholine
Phosphatidylinositol
Phospholipids
Sphingomyelin
Sphingophospholipids

6077,702
6077

853%,920%,10627,1077,1125%,1126%,11
296,1280%,1369'¢,1440%,144715,1452°

7197,8807

775"
450%,7197,10687,1130"",1280*
7198

903"

Sugars Tentative assignment
Carbohydrates

Cellobiose

D-glucose

D-glucuronic acid
D-mannose

Glucosamine

Glycine

Saccharides

Sucrose

161

Peak position (cm'?)

5242

8851

4231817,9237.1517 92518144917
1449V

1130¢,1449Y

10461

120411,16641

4508
1126t



To conclude this section, we need to approach the specific peak that changes when
dealing with unhealthy and healthy patients. The peak changes can be characterised by
intensity changes, Raman shift changes or both. Here we outline the most prominent peak
changes. Authors in [13] have shown that tryptophan peak at 755 cm™, phenylalanine at
1002 cm™ and C-CH3 bond peak at 1047 cm™ increase for unhealthy patients. Other
peaks for tyrosine at 1210 cm™ and 1670 cm™ amide | decreased for unhealthy patients.
Authors in [11] showed that the peak of 1224 cm™ and 1275 cm™ from amide I, 1409 cm™
from IgG and 1417 cm™ quinoid ring increased for unhealthy patients, whereas the peak of
885 cm™ from cellobiose, 1126 cm™ from lipids/proteins/sucrose and 1204 cm™ from amide
lll, collagen, tyrosine, phenylalanine, IgG, proline and glycine decreased. Authors in [15]
showed that 1004 cm™ phenylalanine, 1208 cm™ tryptophan, 1265 cm™ amide Il and
collagen, 1340 cm™ collagen, and 1684 cm™ amide | increase for unhealthy patients,
whereas 621 cm™ phenylalanine and 1176 cm™ tyrosine increases for healthy patients. In
paper [17] the 423 cm™ and 1450 cm™ of D-glucose, 548 cm™ tryptophan, 579 cm™
tryptophan, cytosine and guanine and 717 cm™ adenine increase for unhealthy patients.
Whereas 853 cm™ tyrosine, 999 cm™ phenylalanine, 1130 cm™ phospholipids, 1382 cm™
adenine, guanine and uracil, 1527 cm™ cytosine and 1603 cm™ tyrosine and phenylalanine
decreases. For the author, in [16] peak of 676 cm™ from cysteine, cytosine and guanine,
854 cm™ of proline and tyrosine, 1000 cm™ of phenylalanine, 1046 cm™ of glucosamine,
1263 cm™ of amide Il and 1604 cm™ of phenylalanine increases for unhealthy patients,
whereas peak 423 cm™ of D-glucose and 727 cm™ of adenine decreases. The author in [6]
describes an increase in peak 1167 cm™ glutathione, 1170 cm™ phenylalanine, 1147 cm™
in carotenoids, and 1339 cm™ and 1662 cm™ related to nucleic acids. Author [19] showed
increase in peak 1002 cm™, 1330 cm™, 1449 cm™ and 1670 cm™ related to amino acids.

The author in [8] noticed an increase in the 2107 cm™ of thiocyanate for patients after
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radiation treatment. Finally, authors in [12] showed an increase in peak 1336 cm™ of amide

[ll. A list of all these peaks is provided in Table 6.2 below.

Table 6.2: Saliva biomolecular content change for the unhealthy patient. The change delta is in comparison with the

healthy spectra. Arrow up: Condition spectra increases in that wavenumber. Arrow down: Condition spectra decrease in

Raman shift (cm?)
4227
4231
5481

579
6211
6357

6361°

676

Tl
727

7551

853"
85410

885!

gPst

99917
1000

1002t

1004

10344

1046
1047

1049
1062¢
1084

1126*

11208
1130v

Assignment
D-glucose
D-glucose

Tryptophan

Tryptophan, cytosine,
guanine

Phenylalanine
C-S twist

C-H torsion, COO-wag; O-
C=0 in plane deformation; C-
C-C in phase deformation

Cysteine, cytosine, guanine

Protein, adenine
Protein, adenine

Tryptophan

Tyrosine, proline ring
Tyrosine, proline ring
Cellobiose
Proline ring, glucose, lactic
acid
Phenylalanine
Phenylalanine

Phenylalanine

Phenylalanine

Stretching vibration of the
ring, deformation in plane C-
H

Glucosamine
C-CH3

Proteins
Lipids
Proteins

Lipid, protein, disaccharide,
sucrose

Lipids
Phospholipids

that wavenumber.

Condition
Lung cancer
Lung cancer
Lung cancer

Lung cancer

Breast tumor
Lung cancer

Lung cancer

Lung cancer

Lung cancer
Lung cancer

Acute myocardial
infarction

Lung cancer
Lung cancer
Oropharyngeal
cancer
Lung cancer

Lung cancer
Lung cancer

Acute myocardial
infarction

Breast tumor
Lung cancer

Lung cancer

Acute myocardial
infarction

Breast tumor
Oral cancer
Breast tumor

Oropharyngeal
cancer

Oral cancer
Lung cancer

1147¢
11676
11708
1176%

12041

1208%

1210%

12244
1247v
1260°
12631
1265
1275
13398
1340%
1382%7
14094
14174

1450%7

1527
1559Y7
16037
16041
1610¢
1640°
1662°

16704

16841
21078

Carotenoids
Glutathione
Tyrosine
Tyrosine

Amide Ill, collagen, tyrosine,
phenylalanine, IgG, proline,
glycine

Tryptophan
Tyrosine

Amide I
Plane deformation of C-H
Amide Il
Amide I
Amide [ll, collagen
Amide Il
Nucleic acids
Collagen
Adenine, Guanine, Uracil
COO0-IgG
Quinoid ring

D-glucose, D-glucuronic
acid, D-mannose

Carotenoids, cytosine
Tryptophan, amide ||
Tyrosine, phenylalanine
Tyrosine, phenylalanine
Tryptophan
Amide |

Nucleic acids
Amide |

Amide |

Thiocyanate

Oral cancer
Oral cancer
Oral cancer

Breast tumors

Oropharyngeal cancer

Breast tumors

Acute myocardial
infarction

Oropharyngeal cancer
Lung cancer
Oral cancer
Lung cancer
Breast tumors
Oropharyngeal cancer
Oral cancer
Breast tumors
Lung cancer
Oropharyngeal cancer

Oropharyngeal cancer
Lung cancer

Lung cancer
Lung cancer
Lung cancer
Lung cancer
Oral cancer
Oral cancer
Oral cancer

Acute myocardial
infarction

Breast tumors

Radiation

Interestingly, the Raman peak changes from unhealthy to healthy are varied. There

is no single indicator among different Raman peaks to predict whether a patient is healthy

or unhealthy. Even for the same peak, for example, phenylalanine 1000-1004cm™, patients

with breast cancer had an increase in its signal, but patients with lung cancer had a
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decrease (Table 6.2). This shows there is no notable trend amongst cancer patients, and
depending on the cancer location, it can lead to different biomolecules expression in
saliva. Thus, further increasing the complexity of using saliva as a biofluid for Raman

diagnostics.

6.6 Conclusion

In this chapter the various methodologies used for data analysis were examined, including
not only data processing but also experimental planning. It is fundamental to have a good
sample size that represents the population. It was shown that 75 different donor samples
are already a good enough start to have statistical significance for Raman data analysis.
However, weighing all the different in-class variations inside that population is complicated,
and sometimes the only remedy is to mitigate and work with what is possible. Additionally,
getting many people for these tests requires specific features for the test patients and
additional ethical bureaucratic paperwork that might not be accessible to everyone, so it is
a complicated task. However, using saliva as an analyte can remove some of those

hindrances, thus why the choice of saliva.

Additionally, the fundamental Raman analysis provided in this chapter shows a
whole spectrum of detailed analytes that can be tracked through saliva and multiple
potential applications for diagnostics. A thorough Raman data processing analysis was
registered when analysing saliva Raman data. A complete description was given of the
different preprocessing, processing, classification and results, which are standard in
multivariate analysis, especially for saliva as a biofluid. Furthermore, the tracking of
specific important peaks that can reveal a variety of illnesses is easily accessible through

the multiple multivariate analysis exposed here.

164



6.6 References

[1] Beleites C, Neugebauer U, Bocklitz T, Krafft C, Popp J. Sample size planning for classification models.
Vol. 760, Analytica Chimica Acta. Elsevier BV; 2013. p. 25-33. Available from:
http://dx.doi.org/10.1016/j.aca.2012.11.007.

[2] Othman NH, Lee KhuanY, Radzol ARM, Mansor W, Rashid URM. K-Nearest Neigbour: Detection of NS1
from SERS spectra of adulterated saliva. 2016 IEEE Region 10 Conference (TENCON). IEEE; 2016.
Available from: http://dx.doi.org/10.1109/TENCON.2016.7848314.

[3] Othman NH, Lee KhuanY, Radzol ARM, Mansor W, Rashid URM. Optimal PCA-EOC-KNN Model for
Detection of NS1 from Salivary SERS Spectra. 2018 International Conference on Intelligent Informatics and
Biomedical Sciences (ICIIBMS). IEEE; 2018. Available from:
http://dx.doi.org/10.1109/ICIIBMS.2018.8549984.

[4] Othman NH, Y. Lee K, Radzol ARM, Mansor W. TERMINATION CRITERION FOR PCA WITH ANN FOR
DETECTION OF NS1 FROM ADULTERATED SALIVA. Vol. 78, Jurnal Teknologi. Penerbit UTM Press;
2016. Available from: http://dx.doi.org/10.11113/jt.v78.9044.

[5] Othman NH, Lee KY, Radzol ARM, Mansor W, Ramlan NNM. Linear discriminant analysis for detection of
salivary NS1 from SERS spectra. TENCON 2017 - 2017 IEEE Region 10 Conference. IEEE; 2017. Available
from: http://dx.doi.org/10.1109/TENCON.2017.8228352.

[6] Brindha E, Rajasekaran R, Aruna P, Koteeswaran D, Ganesan S. Raman spectroscopy of bio fluids: an
exploratory study for oral cancer detection. Alfano RR, Demos SG, editors. SPIE Proceedings. SPIE; 2016.
Available from: http://dx.doi.org/10.1117/12.2212684.

[7] Ralbovsky NM, Haldmkova L, Wall K, Anderson-Hanley C, Lednev IK. Screening for Alzheimer’s Disease
Using Saliva: A New Approach Based on Machine Learning and Raman Hyperspectroscopy. Vol. 71, Journal
of Alzheimer’s Disease. |I0S Press; 2019. p. 1351-9. Available from: http://dx.doi.org/10.3233/JAD-190675.

[8] Colceriu-Simon, Hedesiu, Toma, Armencea, Moldovan, Stiufiuc, et al. The Effects of Low-Dose Irradiation
on Human Saliva: A Surface-Enhanced Raman Spectroscopy Study. Vol. 9, Diagnostics. MDPI AG; 2019. p.
101. Available from: http://dx.doi.org/10.3390/diagnostics9030101.

[9] Al-Hetlani E, Halamkova L, Amin MO, Lednev IK. Differentiating smokers and nonsmokers based on
Raman spectroscopy of oral fluid and advanced statistics for forensic applications. Vol. 13, Journal of
Biophotonics. Wiley; 2019. Available from: http://dx.doi.org/10.1002/jbi0.201960123.

[10] Muro CK, de Souza Fernandes L, Lednev IK. Sex Determination Based on Raman Spectroscopy of
Saliva Traces for Forensic Purposes. Vol. 88, Analytical Chemistry. American Chemical Society (ACS);
2016. p. 12489-93. Available from: http://dx.doi.org/10.1021/acs.analchem.6b03988.

[11] Connolly JM, Davies K, Kazakeviciute A, Wheatley AM, Dockery P, Keogh I, et al. Non-invasive and
label-free detection of oral squamous cell carcinoma using saliva surface-enhanced Raman spectroscopy
and multivariate analysis. Vol. 12, Nanomedicine: Nanotechnology, Biology and Medicine. Elsevier BV; 2016.
p. 1593-601. Available from: http://dx.doi.org/10.1016/j.nan0.2016.02.021.

[12] Maitra I, Morais CLM, Lima KMG, Ashton KM, Date RS, Martin FL. Raman spectral discrimination in
human liquid biopsies of oesophageal transformation to adenocarcinoma. Vol. 13, Journal of Biophotonics.
Wiley; 2019. Available from: http://dx.doi.org/10.1002/jbi0.201960132.

[13] Cao G, Chen M, Chen Y, Huang Z, Lin J, Lin J, et al. A potential method for non-invasive acute
myocardial infarction detection based on saliva Raman spectroscopy and multivariate analysis. Vol. 12,
Laser Physics Letters. IOP Publishing; 2015. p. 125702. Available from: http://dx.doi.org/10.1088/1612-
2011/12/12/125702.

[14] Wu W, Gong H, Liu M, Chen G, Chen R. Noninvasive breast tumors detection based on saliva protein
surface enhanced Raman spectroscopy and regularized multinomial regression. 2015 8th International
Conference on Biomedical Engineering and Informatics (BMEI). IEEE; 2015. Available from:
http://dx.doi.org/10.1109/BMEI.2015.7401503.

165



[15] Feng S, Huang S, Lin D, Chen G, Xu Y, Li Y, et al. Surface-enhanced Raman spectroscopy of saliva
proteins for the noninvasive differentiation of benign and malignant breast tumors. International Journal of
Nanomedicine. Informa UK Limited; 2015. p. 537. Available from: http://dx.doi.org/10.2147/IJN.S71811.

[16] Qian K, Wang Y, Hua L, Chen A, Zhang Y. New method of lung cancer detection by saliva test using
surface-enhanced Raman spectroscopy. Vol. 9, Thoracic Cancer. Wiley; 2018. p. 1556—61. Available from:
http://dx.doi.org/10.1111/1759-7714.12837.

[17] Liu W, Man Z, Hua L, Chen A, Wang Y, Qian K, et al. Data mining methods of lung cancer diagnosis by
saliva tests using surface enhanced Raman spectroscopy. 2014 7th International Conference on Biomedical
Engineering and Informatics. IEEE; 2014. Available from: http://dx.doi.org/10.1109/BMEI.2014.7002849.

[18] Li X. Spectral analysis of human saliva for detection of lung cancer using surface-enhanced Raman
spectroscopy. Vol. 17, Journal of Biomedical Optics. SPIE-Intl Soc Optical Eng; 2012. p. 037003. Available
from: http://dx.doi.org/10.1117/1.JB0O.17.3.037003.

[19] Chen M, Chen Y, Wu S, Huang W, Lin J, Weng GX, et al. Raman spectroscopy of human saliva for
acute myocardial infarction detection. Luo Q, Wang LV, Tuchin VV, editors. SPIE Proceedings. SPIE; 2014.
Available from: http://dx.doi.org/10.1117/12.2068876.

[20] Wang Yan, Hua Lin, Liu Jinghua, Qu Dian, Chen Anyu, Jiao Yi, et al. Preliminary study on the quick
detection of acquired immure deficiency syndrome by saliva analysis using surface enhanced Raman
spectroscopic technique. 2009 Annual International Conference of the IEEE Engineering in Medicine and
Biology Society. IEEE; 2009. Available from: http://dx.doi.org/10.1109/IEMBS.2009.5333131.

[21] Zermefio-Nava J de J, Martinez-Martinez MU, Ramirez-de-Avila AL, Hernandez-Arteaga AC, Garcia-
Valdivieso MaG, Hernandez-Cedillo A, et al. Determination of sialic acid in saliva by means of surface-
enhanced Raman spectroscopy as a marker in adnexal mass patients: ovarian cancer vs benign cases. Vol.
11, Journal of Ovarian Research. Springer Science and Business Media LLC; 2018. Available from:
http://dx.doi.org/10.1186/s13048-018-0433-9.

[22] Berrar, D. "Cross-Validation." 2019, p.542-545.

[23] George, N., Singh, H., Jotaniya, R. and Pandya, S.R. “Raman spectroscopy for the determination of
forensically important bio-fluids”. Vol. 340, Forensic Science International. Elsevier BV; 2022. p. 111441.
Available from: http://dx.doi.org/10.1016/j.forsciint.2022.111441.

[24] Dies H, Raveendran J, Escobedo C, Docoslis A. Rapid identification and quantification of illicit drugs on
nanodendritic surface-enhanced Raman scattering substrates. Vol. 257, Sensors and Actuators B: Chemical.
Elsevier BV; 2018. p. 382—-8. Available from: http://dx.doi.org/10.1016/j.snb.2017.10.181.

[25] Andreou C, Hoonejani MR, Barmi MR, Moskovits M, Meinhart CD. Rapid Detection of Drugs of Abuse in
Saliva Using Surface Enhanced Raman Spectroscopy and Microfluidics. Vol. 7, ACS Nano. American
Chemical Society (ACS); 2013. p. 7157—64. Available from: http://dx.doi.org/10.1021/nn402563f.

[26] Eom G, Hwang A, Kim H, Yang S, Lee DK, Song S, et al. Diagnosis of Tamiflu-Resistant Influenza Virus
in Human Nasal Fluid and Saliva Using Surface-Enhanced Raman Scattering. Vol. 4, ACS Sensors.
American Chemical Society (ACS); 2019. p. 2282-7. Available from:
http://dx.doi.org/10.1021/acssensors.9b00697.

[27] Shende C, Brouillette C, Farquharson S. Detection of codeine and fentanyl in saliva, blood plasma and
whole blood in 5-minutes using a SERS flow-separation strip. Vol. 144, The Analyst. Royal Society of
Chemistry (RSC); 2019. p. 5449-54. Available from: http://dx.doi.org/10.1039/c9an01087d.

[28] D’Elia V, Montalvo G, Ruiz CG, Ermolenkov VV, Ahmed Y, Lednev IK. Ultraviolet resonance Raman
spectroscopy for the detection of cocaine in oral fluid. Vol. 188, Spectrochimica Acta Part A: Molecular and
Biomolecular Spectroscopy. Elsevier BV; 2018. p. 338-40. Available from:
http://dx.doi.org/10.1016/j.saa.2017.07.010.

[29] Farquharson S, Shende C, Sengupta A, Huang H, Inscore F. Rapid Detection and ldentification of
Overdose Drugs in Saliva by Surface-Enhanced Raman Scattering Using Fused Gold Colloids. Vol. 3,
Pharmaceutics. MDPI AG; 2011. p. 425-39. Available from:
http://dx.doi.org/10.3390/pharmaceutics3030425.

166


http://dx.doi.org/10.1016/j.forsciint.2022.111441
http://dx.doi.org/10.1186/s13048-018-0433-9

[30] Sivashanmugan K, Squire K, Tan A, Zhao Y, Kraai JA, Rorrer GL, et al. Trace Detection of
Tetrahydrocannabinol in Body Fluid via Surface-Enhanced Raman Scattering and Principal Component
Analysis. Vol. 4, ACS Sensors. American Chemical Society (ACS); 2019. p. 1109-17. Available from:
http://dx.doi.org/10.1021/acssensors.9b00476.

[31] Yuen C, Zheng W, Huang Z. Improving surface-enhanced Raman scattering effect using gold-coated
hierarchical polystyrene bead substrates modified with postgrowth microwave treatment. Vol. 13, Journal of
Biomedical Optics. SPIE-Intl  Soc Optical Eng; 2008. p. 064040. Available from:
http://dx.doi.org/10.1117/1.3050447.

[32] PDF to image converter package website: https://pypi.org/project/pdf2image/ visited 16:41 06/01/2023

[33] PDF vectorized file : https://www.adobe.com/creativecloud/design/discover/vector-file.html visited 16:39
06/01/2023

[34] Pytesseract package website : https://pypi.org/project/pytesseract/ visited 16:14 06/01/2023

[35] Tesseract-OCR package website : https://github.com/tesseract-ocr/tesseract visited 16:35 06/01/2023

[36] Template locator script: https://docs.opencv.org/4.x/d4/dc6/tutorial_py template_matching.html visited
16:44 06/01/2023

[37] Code for Raman peak fetching through pdf articles: https://github.com/PauloAxcel/Raman-peaks-from-
papers visited 18:29 06/01/2023

167


https://github.com/PauloAxcel/Raman-peaks-from-papers
https://github.com/PauloAxcel/Raman-peaks-from-papers
https://docs.opencv.org/4.x/d4/dc6/tutorial_py_template_matching.html
https://github.com/tesseract-ocr/tesseract
https://pypi.org/project/pytesseract/
https://www.adobe.com/creativecloud/design/discover/vector-file.html
https://pypi.org/project/pdf2image/
http://dx.doi.org/10.1117/1.3050447

CHAPTER 7

Open-source software for Raman data plotting,

Multivariate analysis and spectral Peak fitting
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7.1 Abstract

Proper Raman data analysis involves a high level of expertise often missing in most
professional software. Moreover, they do not provide the flexibility to execute out-of-the-
box solutions for the Raman data analysis. To address this issue, in this chapter, several
scripts were developed that can be accessed through a costumed graphical user interface
(GUI) to solve multiple Raman data analysis problems thoroughly and flexibly. The scripts
have been optimized to run smoothly with few inputs from the user, only requiring the

Raman data and one parameter. The scripts focus on three main components:

* creating a customized peak library for any chemical compound

* solving multivariate data analysis and classification problems

* generating multiple data visualization plots
Firstly, the scripts offer individual, stacked, waterfall and heatmap plotting, with multiple
preprocessing options like asymmetric least squares baseline, normalization or standard
deviation. Secondly, they perform multivariate data analysis using principal component
analysis (PCA), with k-nearest neighbour, Euclidean distance, receiving operating
characteristic (ROC) curve and confusion matrix classification. Additionally, the scripts
offer a neural network, self-organizing maps (SOM), to solve multivariate analysis
outputting activation plots, peak activation heatmaps and classification results. Lastly, a
multi-Lorentzian peak fitting script fits imported Raman data, PCA loadings and SOM
activations, storing the peak fitting results in a comma separated value (CSV) file,
facilitating a peak comparison between different samples and providing a complete Raman
data analysis. With the executable scripts developed in this paper, we believe it would
potentially solve some of the most common Raman data analysis problems found in the

literature, leading to publishable results and plots when executed.
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7.2 Introduction

C.V. Raman discovered the Raman scattering phenomenon in 1928 ¥, identifying that
when photons interacted with matter, a small percentage of photons were getting
inelastically scattered in the matter. An inelastic scattering results in a difference in energy
between incoming and scattered radiation caused by the interactions between molecular
vibrations and the incident photons. When probing the scattering signal, information
regarding the vibration modes of the molecules is obtained, which translates to specific
information regarding the kinds of molecules and bonds present in the sample. Many
research groups discovered the utility of using Raman spectroscopy in performing physics
231 chemistry %!, biology ©”, material ®°, medicine "** and forensics ¥ samples
analyses from these findings. Hence, more recently, not only are Raman spectrometers
present in many top research laboratory facilities but also in the clinical environment *24

to perform diagnostic measurements #6171,

However, the high availability of Raman systems in all these facilities creates a
problem for users, who are mainly experts in their research field, to deal with the high
complexity of Raman data analysis that comes with the sample data processing. In both
medical fields and research laboratories, non-data scientists perform most data analysis. It
is usually performed from a ‘black box’ approach, ignoring the complex multi-parameter
options for data analysis, thus losing better insight into the data. Moreover, each Raman
user has a unique way of analysing the Raman data, and thus there is no systematic way
of analysing the Raman data among different research groups. The existence of multiple
approaches and inconsistencies between analysis procedures used by different research
groups and even members within those research groups damages the reproducibility ™

and validation of results.
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Due to these circumstances, many Raman spectrometer companies help scientists
in their data analysis tasks by offering a software product that comes with the Raman
spectrometer and solves most data analysis procedures. For instance, WiRE ! software
from Renishaw and LabSpec ® from Horiba. These products can perform the Raman data
acquisition and the respective data analysis. However, the data analysis tools offered are
simplified enough not to overwhelm scientists with intricate multi-parameter algorithms.
Despite this, the simplified algorithms in the software can perform most data processing
algorithms and are good enough for initial data analysis. However, the data process is very
one dimensional by ignoring more in-depth complex data analysis, which scientists should
not avoid. To address this problem, the different ways Raman spectra data are analysed
were investigated and sort them into the best combination for optimal results from the
Raman data, thus, proposing our best method to analyse Raman data. A Python script?!
including these techniques has been created and can be accessible to everyone.
Moreover, the script developed requires a maximum of one parameter as input besides the
Raman spectral data, so it was designed to be as straightforward as possible while using
the best data analysis configurations from the literature to be simple to understand by any

scientist.

To program our alternative procedure, Python was used since it is the current top
programming language 2. It provides the necessary flexibility to perform complex data
science tasks. Furthermore, Python is free; it has a wide online community with multiple
open-source libraries which are easy to use and modify to our needs. Also, the Python
language is user friendly with many intuitive features, so the entry level is lower than other
programming languages. In our work, we have developed a complete Raman data
analysis code by combining, modifying and optimizing existing Raman data analysis

modules with our own to create a unique Python script. Throughout this work, examples
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were provided of the different components of the scripts being applied to our case study

Raman data while highlighting their respective functions and utilities.

The script comes with a GUI ideal for interacting with Raman data. It simplifies the
user-machine interaction while still offering its full range of complex data science analysis
options. A GUI, integrated with different algorithms, was developed to systematically
analyse the Raman data that both Raman and non-Raman scientists can easily use. The
GUI developed here assembles multiple Raman pre-processing tools that allow quick data
analysis with simple clicks and complicated multi-class Raman analysis operations
simplified with easy-to-use parameters. Among its affordances, it is possible to create
Raman plots, pre-processing data, multivariate data analysis of multi-class Raman data,
use a Neural Net option, and create dedicated Raman peak libraries for comparison or
storage. The tools created to assemble this Raman GUI are inspired by how multiple

authors analysed their Raman data.

The ultimate goal of this work is to achieve a complete in-depth understanding of
Raman spectrum data and multi-class Raman spectra data. To demonstrate the goal of
the scripts, a hypothetical case of two Raman spectra  and W is used, where W has some
components of C in it. Let { be a known substance, but W is only partially unknown
substance, although it is related to . Hence, W can be written as W, akin to C, or simply
WY(Q). Typical examples in the literature would be, extracting from the same tissue a
healthy sample, C, and an unhealthy sample, W. C can be defined as the control state of
the tissue, and V is the altered state. Moreover, since the tissue is the same, in terms of
the Raman spectra, W will have most ¢ components, which makes it a tissue, and other
components inherent to W that make it an unhealthy tissue. The objective is to completely
discern the differences and similarities between W(C) from C by performing a throughout

Raman spectra analysis. Hence, obtaining a complete report regarding the healthy,
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unhealthy and what makes healthy tissue unhealthy from the Raman data features—in
summary, having the ability to discern between healthy and unhealthy samples C, W(C)
and only W by processing the Raman data with multiple tools, such as peak finder
algorithms, multivariate analysis and neural networks. Subsequently, post-processing
results from the multivariate analysis and neural networks combined with the peak finder

algorithm to have complete insight into the different samples’ fingerprints.

7.3 Methodology

7.3.1 Saliva Preparation

Saliva samples were collected from a single patient. The patient did not eat for 1 hour
before the sample was collected by spitting into a container. Afterwards, 10uL of saliva
was pipetted from the container into an aluminium foil substrate, left to dry in ambient

conditions, and then taken into the Raman spectrometer.

7.3.2 Raman Data Acquisition

Using an InVia Qontor confocal Raman microscope (Renishaw), Raman measurements
were carried out using a 785nm excitation laser. Raman maps were generated using the
map mode scan with an exposure time of one second per map point and three
accumulations using a laser power at the surface of 5SmW. A 50x objective lens with a
numerical aperture of 0.75 was used for the Raman measurements. Finally, the Raman

spectrum was collected over a range of 600-1700cm™.
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7.3.3 Raman Data Collection

WIRE software version 5.1 was used for our Raman spectral acquisition, which possesses
very up-to-date functionalities that acquire Raman data from the instrument and perform
data analysis. Here WIRE is used for data acquisition and cosmic ray removal. All other
data processing and analysis is done through our scripts. The exported Raman data from
the WIRE software is formatted as in Figure 7.1A. It is composed of a header of seven
tabs, #X',' empty tab’, '#Y', 'empty tab',;’ #Wave', 'empty tab' and’ #Intensity’', and then the
body of the text file with four columns, the X coordinate of the map, the Y coordinate of the
map, the Raman shift values in cm™ and the intensity values in arbitrary units (a.u.). The
data structure has multiple repetitive values, making the files excessively large to store
(Figure 7.1A). Depending on the Raman setting, a measurement can be extended (go
from 100-3200cm™ wavenumber) or static: user-defined midpoint — k — and then from that
midpoint, a range is defined depending on the grating/laser settings, which for our setup
was 600cm™ < k < 1700cm™. The Raman shift range used is stored for every point in the
map, so each intensity will have the same Raman shift associated with it, thus occupying
unnecessary space. Besides these values, the constant x and y coordinate of the
measured spot are also repeatedly stored. For instance, a 100 static point map will have
100xandycombinations of coordinates, on average, 1015 Raman shift values per point
(depending on the filter and the system) and a respective 1015 intensity values (to match
the Raman shift points) (Figure 7.1A). For a 100 point map scan with the Renishaw WIiRE
settings, the number of data points, besides the header, is 1015 data points per map times
four variables (x, y, wavenumber and intensity) times 100 points in a map; for a total of
406,000 data points. Depending on the sample, it can be required to acquire more map

points, so the number of data points grows linearly with the number of map points.
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To reduce the space occupied by WIRE’'s exported data files, the data is
reorganized in the following manner: the Raman shift values as the header and two
additional headers for the map point's x and y coordinates. (Figure 7.1B). The intensity is
written horizontally for a single x and y coordinates along with the header Raman shift
values. This method occupies 1017 (1015+2) columns and 101 (100 intensity values per
point + 1 Raman shift values) rows, amounting to 102,717 data points. Writing the data
points horizontally instead of vertically saves 75% in terms of memory space compared
with the standard data output format. Furthermore, this formatting facilitates access to the

data points since each row is now a spectrum on the map.
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Figure 7.1: Raman data structure from the Renishaw system. A) Automated data formatting from WIRE 5.1 software. B)

Processed data for quicker access and less memory storage.

For a single spot spectrum, the Raman data is expressed with a three-column
header' #Wave', 'empty tab',’ #Intensity' and then the data body as two columns with the
Raman shift values in cm™ and the intensity values in arbitrary units. Since standard
Raman measurements are done in maps for statistical significance, the script was not

optimized for individual Raman spectrum but only for Raman maps.
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7.3.4 Python Code

All the scripts were written in Python version 3.7. If nothing is said otherwise, the
conditions used in each different Python model/algorithm are the default options for each
module. The code has been developed using Spyder®! version 5.0.0 integrated
development environment (IDE). The script is executed by selecting the operation to
perform and then providing the raw Raman data in TXT format and an individual
parameter option. The algorithm has been optimized to ask for minimal inputs from the

user.

7.3.5 Graphical User Interface

The GUI was coded with Qtdesign using the PyQT?5 library 2. This library gives the user
the freedom to make their own costumed GUI. With the help of Widgets, the user can click
on the desired action on the GUI and receive as output the results. QpushButton,
QcheckBox and Qlabel were the most commonly used widgets in the script. The different
widgets are programmed to run specific functions assigned with an additional script written

in Python. The functions programmed are highlighted below.

7.3.6 Data Analysis Methods

The various data analysis methods are discussed in this section, and examples
demonstrating the effects of the various methods on a test Raman spectra are shown in

the following section.

176



7.3.6.1 Asymmetric Least Square Smoothing (ALS)

The initial processing of the Raman data is to remove the background from the Raman
spectra. The method used is an asymmetric least-square baseline (ALS) created by Paul
Eilers %! and written in Python from #7 which was further adapted for our script. The
main package used in Python is the SciPy package 8, more specifically, the linalg, which
analysis spectral signals with the "solveh_banded" function ?%. The main ALS function
takes as inputs a Raman spectra and parameters related to the ALS configuration: the
asymmetry, smoothness, iterations, and threshold, and outputs the baseline profile of the
spectra. These options can be tuned from the 'Baseline' tab displayed on the right-hand
side of the Graphical Interface (Figure 7.2A). By default, the values used are the standard

ones: 0.05 'asymmetry’, 1,000,000 'smoothness’, 10 ‘iterations’, and 0.000001 'threshold'.

7.3.6.2 Smoothing

Overall, smoothing is avoided when showing data and analysis data due to the potential
loss of information, so it should be handled with care. Smoothing was used mainly for the
peak fitting section of the code since we want to avoid the potential fitting of peaks to
noise. Thus, a smoothing function was applied to the Raman spectra before running the
peak finding to avoid this event. The smoothing function was adapted from the Savitzky-

Golay filter B9,

177



7.3.6.3 Normalisation — Relative Intensity

A typical way to plot Raman data is to normalize different Raman signals to their
respective maximum and minimum point. The relative spectra are ideal for comparing
different Raman spectra by scaling them to the same range values. The normalization
script converts the intensity into a relative intensity ranging between 0 and 1 (Equation

7.1).

I(x|=min|I(x||

max |1 (x| - min|I(x||

IReI:

(7.1)

7.3.6.4 Standard Deviation

There is also the option of plotting the average spectra while highlighting the standard

deviation to inspect the dispersion of the Raman data over a map.

N

Z(Ii—mean(f)) (7.2)
std| 1), =\~ N

7.3.6.5 Z-Score

Two ways to tackle outliers in the data were coded into the complete script. One was the
Z-score BY option. The Z-score is given by the difference of a variable (x;)) and its mean

X , and divided by its standard deviation ¢ as in (Equation 7.3):
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=X (7.3)

The Z-score is available from the SciPy.stats package. If the Z-score option is used, it will

remove all data points with three standard deviations away from the mean spectra.

7.3.6.6 Principal Component Analysis (PCA)

Principal component analysis (PCA) is a dimensionality reduction operation that projects
the data into a lower-dimensional space. PCA is the main multivariable analysis tool to
preprocess and analyse Raman data. PCA can be employed using the scikit-learn library
321 specifically sklearn.decomposition. PCA uses the normalised Raman spectra map for
inputs and the number of PCA components to analyse. The number of components is
related to how the Raman data will be transformed into the PCA representation. Hence the
number of components is related to the dimensions of the new representation. We used
only two components for the 2D plot and three for the 3D plot in the script. After the
component selection, the input normalised Raman spectra are 'fit_transform' onto the PCA
by applying the PCA.fit_transform() function, which transforms the normalised spectra into
the PCA space with the principal components (PC) 1 and PC 2 or PC1, PC2 and PC3 for
the 3D case. A scattered plot with the PC1 and PC2 components is plotted to inspect the
different Raman spectra in the PC space. Information regarding the different PC variances
can be obtained by the PCA.explained_variace ratio , which outlines the percentage
variance contribution in spectra separation for the different PC. This measure highlights

how well the PC separates the different input data.
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7.3.6.7 Loadings

The principal components obtained from the PCA analysis can be subsequentially
processed into the spectral loadings (Equation 7.4). The loadings indicate how the
different PC separate the samples regarding their Raman spectra. The loadings mimic the
Raman signal profile by computing the PC's eigenvalues and eigenvectors by applying the
PCA to the Raman data. The loadings result from the coordinates with maximum variance
and thus are very important to explain the different class separations obtained from the

Raman spectra in the PC space.

The eigenvalues are obtained by the PCA.explained_variance_ representing the
amount of variance by the different components. The eigenvectors are obtained from the
PCA.components_, which are the principal axes in the PC feature space representing the
direction of maximum variance in the data. By combining these two terms, we obtain the

loadings of the PCA, which are relevant for the interpretation of the PCA plot.

Loadings = Eigenvectors * v Eigenvalues (7.4)

The loadings signal are thoroughly analysed by splitting them into positive and
negative signals. For instance, when the Loadings from PC1 (LPC1) are positive, we are
dealing with positive PC1. When they are negative, we are dealing with the negative part
of PC1, which was generalized for all the different principal components. So in the 2D
case, PC2 and LPC2 follow the same relation. Since in 2D we plot four different situations,
i.e. PC1>0and LPC1 >0, PC1<0andLPC1 < 0, combined with PC2 > 0 and LPC2 > 0,
and PC2 < 0 and LPC2 < 0, which are related to the different quadrants in the PC space.

Hence we have four quadrants (Q), Q1, Q2, Q3 and Q4, that respect the previous
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inequalities Q1 (LPC1>0 and LPC2>0), Q2 (LPC1<0 and LPC2>0), Q3 (LPC1<0 and

LPC2<0) and Q4 (LPC1>0 and LPC2<0) which can be written as Equation 7.5.

Q1=LPC1>0+LPC2>0
Q2=-LPC1>0+LPC2>0
Q3=-LPC1>0-LPC2>0

Q4=LPC1>0-LPC2>0

(7.5)

Thus, depending on which PC quadrant a sample has populated, the loading
'spectra’ can be identified based on the quadrant loading inequalities. For instance, if a
sample is heavily populated in Q4, we would have to look into the LPC1>0 and LPC2<0
regions of the loading plots to see how the Q4 loading 'spectra’ would look like, which is

related to how the sample is differentiated compared to the others.

7.3.6.8 Gaussian Mixtures

Occasionally, there will be outliers in the Raman data, represented as points away from
the sample cluster when processed into the PCA space. A Gaussian Mixtures ¥ process
is used to remove these outliers. This method fits an ellipsoid onto the PCA cluster
location. It will exclude points outside the ellipsoid three standard deviations away from the
cluster centre, similar to the Z-score option but now in the PC space. Thus, cleaning up the

graphical representation of the Raman data PCA.

181



7.3.6.9 Euclidean Distance

Finalizing the PCA section, a statistical comparison between datasets is implemented by
calculating the Euclidean distance (Equation 7.6) between different clusters in the PC

space by employing.

3

2V
| Euclidean distance |, :\/ |PC,~PC"J? (7.6)

n=1

The Euclidean distance provides information on how different two clusters are from each

other.

7.3.6.10 K-Nearest Neighbours

K-nearest neighbours (k-NN) classification from the sklearn.neighbors®¥ library was used
for classifying the PCA 2D data. The imported spectra data is split into training and
validation data with the respective Ilabels wusing the train_test split from
sklearn.model_selection %, The k-NN model fits the training data, and the k-NN score is
calculated based on the cross-validation score P from sklearn.model_selection. The
scoring output reflects the separability of the different data points. If the score is near
100%, the two classes are perfectly distinguishable, and if the score is approximately 50%
(equal to random guessing, for the case of two classes), the score is poor. The k-NN
classifier can predict classes using the ‘predict’ function with which we generate the
confusion matrix and the receiver operating characteristic (ROC) curve from the prediction

values.
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7.3.6.11 ROC Curve

The Receiver Operating Characteristic (ROC) B is imported from the sklearn.metrics
library using the roc_curve and auc package. The micro-average and macro-average ROC
curve and respective ROC area (AUC) are computed and show the different sensitivity vs

the false positive rate (FPR), FPR = FP/(FP+TN) per class used.

7.3.6.12 Confusion Matrix

The confusion matrix ®® is computed regarding the previously mentioned predicted classes
using the k-NN classifier vs the actual classes imported from the model. Hence the
confusion matrix evaluates the overall accuracy of the k-NN classifier model. From the
confusion matrix, we get a complete predictive analysis of our model by computing the true
positive (TP), the false negative (FN), the false positive (FP) and the true negative (TN).
From there, we calculate the sensitivity (true positive rate) by the formula TPR =
TP/(TP+FN), the specificity (true negative rate) TNR = TN/(TN+FP), the precision (positive
predictive value) PPV = TP/(TP+FP), the negative predictive value NPV = TN/(TN+FN),

and the overall accuracy = (TP+TN)/(TP+FP+FN+TN) of the model.

7.3.6.13 Self-Organizing Maps (SOM)

The SOM implementation is set up using the modules in miniSOM B, which takes care of
the whole SOM implementation and mathematics and is further improved in the script
presented here. The Hexagonal Topology “? work example on the MiniSOM GitHub

pagelt? served as a starting point for the script extension shown here. Where a hexagon
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represents each spot on the grid map with inherent neural network weights, and biases
randomly initialized at the start of the SOM calculation. Each hexagon's weight and bias
represent a spectrum-like signature called the neuron activations or simply activations and
is crucial to the SOM analysis. However, the implementation in [40] does not show the
number of occurrences per hexagon; it only shows one occurrence, making it impossible
to determine how many events or if different sample classes occur in the same hexagon.
As a result, these features were added to the script shown here, and multiple occurrences
of the various classes per hexagon can now be seen, as shown in Figure 7.7C of an
example of a SOM map. However, another module, the Circlify®" *2 was required to
properly represent the multiple dots inside the hexagon. Where each different dot
represents a different Raman spectrum on the SOM-space. The Circlify module handles
rearranging multiple dots in a hexagon into an orderly geometry that minimises empty
spots between dots (check Figure 7.7C dot arrangement). Aside from the dot
arrangements, the hexagon edge colouration was changed to match the colour of the most
populous class on that hexagon, and finally, the plot of neuron activations per hexagon, as
shown in Figure 7.7D, which was obtained by checking the "win map"®? variable and
plotting it in relation to the Raman shift values. In summary, the modifications include a
cleaner topographical arrangement discretising individual spectrum, an additional neuron
activations plot with respect to the topographical arrangement of the spectra and addition
of a topographical heatmap revealing the highest neuron activation bands. Moreover, SOM
has been implemented here with only two input parameters, the Raman data to analyse
and the size of the SOM grid map. The placement of the dots is determined by the
spectrum-like weights and biases of the hexagon. Additional information can be observed
regarding the highest population sample per hexagon by the colouring of the hexagon

edge. Finally, different greyscale intensities inside each hexagon give the boundary
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separations between adjacent hexagons, darker the hexagon, the stronger the separation,

the lighter the hexagon weaker the separation.

7.3.6 Peak Finding Methods

7.3.6.1 Locating Local Maximum

The peak finding method starts by identifying the important peaks in a Raman spectrum
and proceeds to perform multiple Lorentzian fits. In order to find the peaks in a Raman
spectrum, a characterization of what is a peak is required. In mathematical terms, a peak
happens when the difference between the Raman signal intensity in a spot / is smaller
than in spot /+1 and simultaneously, spot /+1 is larger than spot /+2 as described in

Equation 7.7.

I<I

i i+1

and I, >1;,, (7.7)

In the case of noisy Raman data, noisy spectra can be identified as multiple peaks

without being an actual peak. Hence, before checking for the local maxima, we apply a

smoothing function to the Raman signal, previously described in the smoothing section.

7.3.6.2 Multi-Lorentzian Curve Fit

After identifying the local maxima, we obtain a list of different peaks that can be fitted by a

Lorentzian curve (Equation 7.8)
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L(X):A; A, I, x,=constant (7.8)

(x —x0)2+('1")2’

The work in [44] inspired the full peak finder script and then modified it to work for
all identified peaks in a spectrum. The python package used to perform the Lorentzian fit is
the SciPy.optimize.curve_fit module. We can identify the fitting parameters and calculate

the complete Lorentzian curve fit, which fits the whole spectrum.

7.3.6.3 Residual Lorentzian Calculation

After obtaining the Lorentzian curve fit sum, we subtract it from the original Raman signal,

and obtain the residual Lorentzian (Equation 7.9).

X I.
Residual=I(x|- Y A, >

N =list k
. (x—xi) +(F,~)2 istof peaks (7.9)

For a perfect Lorentzian fit, the residual should be approximately zero. However,
there are always discrepancies when comparing the Raman signal with the fitted
Lorentzian sum, so we proceed by applying a second Lorentzian peak fitting to the

residual.

There are two outcomes for the residual spectrum calculation. First, if the
Lorentzian sum is higher than the Raman signal, the residual will be negative, and if the
residual is positive, the Lorentzian sum is lower than the signal. Thus, the residual has a

peak if the difference between the Raman signal and the Lorentzian sum is positive and a
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trough if negative. When the residual has a peak, the initial Lorentzian fit did not cover
enough of the peak in the original Raman signal. Thus we need to perform another

Lorentzian fit to the residual peak.

On the other hand, the initial Lorentzian fit covers too much of the original Raman signal
peak when it is a trough. Thus, it is required to subtract a Lorentzian fit to the trough of the
residual to compensate for this. In summary, a de-convolution is performed of the initial
Lorentzian into two positive Lorentzian if the residual is positive and a positive and a
negative Lorentzian if the residual is negative, obtaining the final fitting equation (Equation
7.10). The prime notation for the residual peaks and the double prime for the residual
trough. This double Lorentzian fit results in an improved second-order Lorentzian fit,

resulting in a near-zero second-order residual.

N' 1" !
2" order Residual = Residual+)_ A,’ | ,)’ -2 A"

The identified peaks from this double Lorentzian fit procedure are stored in a CSV file and

exported every time the code is run.

7.3.6.4 Standard ‘Key’ and ‘Lock’ Peak Finding Methods

The peak finder script will find all peaks present in the different imported files as previously
described, with the multi-Lorentzian peak fitting. The peak finder goal is to automatically
compare the peaks of different samples, yielding a comprehensive description of in
common peaks and their relation and singular peaks among different samples. For this we
introduced two nomenclatures created for this script, with the following description: a 'key’,

which implies a known sample that will function as a peak key (i.e. peak barcode) to be
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used to check a 'lock’ sample (i.e. unknown sample). Hence the other name is the 'lock’
sample, which is unknown but has some information about the 'key' sample. When
combining these nomenclatures with the general concept of peak identification described
in the last part of the introduction, the 'key' spectra are the C spectra, and the ‘'lock’ spectra
are the W(Q). Furthermore, regarding the ‘'lock’, i.e. W(C) sample, the common peaks are
the C peaks that come from the 'key', and the unknown peaks will come uniquely from W

('lock’). So, we can have the complete analysis of {, W and W(Q) in the end.

When performing the peak analysis, multiple input files can be provided to the
script: the standard Raman spectra file, the PCA loadings, and the SOM activations. For
the standard Raman data in TXT file format, we first load the C spectra into the 'key'
section and run the code to generate the Lorentzian peak CSV file according to Equation

7.11 Lorentzian fit equation.

N T. N' .’ N" r.'
E=) A+ A 5 LA ; (7.12)

With the different xi, xi' and xi" as the peaks representing the C spectra. Then the
W(C) spectra is loaded in the 'lock’ section and the CSV file of the T spectra in the 'key'

section and press run. W(C) spectra has the form of Equation 7.12

N H. N' Hi' N'" Hivr
W‘S]ZZBI%.'-ZBI' 12 ,‘Z_ZBI'” 1|2 )2
= y-yfHES S -y PHET S vy P E 212
i F i 1—!1 N 1-!.” ( . )
A. ‘ i + ' i _ T 1
+1:0 I(x—x,)2+(1“,)2 per i {x—x,~’)2+(F,’)2 = (x—x,")2+[1“~")2
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With the different xi, xi' and xi" as the peaks representing the C spectra in W(C) and
the different yi,yi' and yi" as the peaks representing the overall W(C) spectra. This
combination of files will output the 'lock’ spectra with the C highlighted peaks that match

the 'lock’ file.

Multiple combinations can be made with this script. Another possibility is to get both
the peak CSV list from both ¢ and W(C) spectra followed by loading both ¢ and W(C) CSV
files into the 'key' section and the 'lock' only the W(C) spectra. This combination will match
the W({) Raman spectra with both ¢ and W({) peaks. Then we can combine the peaks
from the two samples highlighted and sort out the different contributions. If the W(C) peaks
only highlight the W(C) spectra, then it is a specific peak to the W(C) spectra. If the W({)
spectra are highlighted by both the C and the W(C) peaks, it is an { peak. Potentially it can
be both contributions, and this information can be discerned by consulting the intensity
values in the output CSV file. Hence, the overall peak matching method serves as a good
indicator of the contribution of different peaks and to which spectra it belongs.
Furthermore, there are multiple other combinations of 'key' and 'lock’ files that can be

done, resulting in a deeper understanding of each sample.

7.3.6.5 Principal Components Analysis Loadings Peak Finding Method

Since the PCA multivariable analysis method can distinguish differences between different
classes, if we compare ¢ and W(C), PCA will separate the samples based on the
differences between the two samples or mix based on the similarities. So we can
distinguish the ¢ and W contribution from the W(C). This information is identified by
analysing the PCA loadings from the PCA analysis. The loadings from the PC1 and PC2

are Lorentzian fitted as the spectral peaks to write the Loadings as in Equation 7.11. Thus
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each quadrant will also have its Lorentzian equation combining Equation 7.5 with

Equation 7.11.

A practical case would be to generate a PCA/loading peak finder from C and W(Q)
spectra. These would output a CSV file of the loadings peaks and their correspondent
guadrants. Then we would load this CSV file into the lock and load into the key the
generated ¢ and W(C) CSV files from the standard peak finding method and perform the
peak matching. The output plot will highlight the location of the { and W(C) peaks in the
different quadrant regions. If the W(C) peaks only highlight the quadrant spectra, it is a
specific peak to the W spectra. If the quadrant spectra are highlighted by the C and the
W(Q) peaks, it is an C peak. Hence, it serves as a good indicator of the contribution of

different peaks and to which quadrant they belong.

To better understand the data, both the PCA/loadings peak fitting analysis and the
standard peak fitting analysis need to be analysed together to achieve better conclusions

about your data.

7.3.6.6 Self Organizing Maps Activation Peak Finding Method

Finally, the same procedure for the peak finding in the PCA loadings is applied to the SOM
activations. Information obtained from the SOM activations is related to the difference
between different classes, i.e. knowing  and W(C) and distinguishing the different spectral

features through the SOMs' activations by highlighting all {, W(C) and W features.

Each neuron and its main peaks can be inspected by applying a multi-Lorentzian fit
to each activation. So that a Lorentzian fit equation would represent each neuron as in

Equation 7.11. Besides this information, we can track the peaks identified per neuron as
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an activation heatmap, getting a clear idea of how the different peaks change per neuron.
As a result, all the different peaks in each neuron spot are quantified and written over a

CSV file.

A practical case would be to generate a SOM activation peak finder from ¢ and W(Q)
spectra. These would output a CSV file of the activation peaks and their correspondent
hexagon i and j index positions. Then we would load this CSV file into the lock and load
into the key the generated ¢ and W(C) CSV files from the standard peak finding method
and perform the peak matching. The output plot will highlight the location of the C and W(Q)
peaks in the different hexagon index i, j index positions. If the W(C) peaks only highlight the
hexagon spectra, it is a specific peak to the W spectra. If the hexagon spectra are
highlighted by the C and the W(Q) peaks, it is an { peak. Hence, it serves as a good

indicator of the contribution of different peaks and which hexagon they belong to.

To better understand the data, all SOM/activations peak fitting analysis,
PCA/loadings peak fitting analysis, and the standard peak fitting analysis needs to be

analysed together to achieve better conclusions about your data.

7.3.7 Scripts

The entirety of the scripts for this work can be found at https://github.com/PauloAxcel/

Raman-Peak-Finder.qit.
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7.4 Results and Discussion

This section compiles the outputs from the different scripts developed in this work and the

GUI instructions on how to execute them.

Overall, the section is divided into three parts, an initial plotting script that takes care
of the different plotting options for the data, a second part dedicated to the PCA analysis

and classification performance and a third part dedicated to the peak analysis.

7.4.1 Plots

The created GUI (Figure 7.2A) has a main screen dedicated to plotting and three tabs
assigned to different data processing functions. It also has a 'Browse' button that opens a
window for the user to select a Raman data file (must be in TXT format). The Raman files
are directly produced from the Raman software (in our case, the Renishaw and its
software WIRE v5.1), and the imported data do not require any pre-processing. All pre-
processing is done internally by the script. After loading the Raman data files, the user can
plot the data imported with different data manipulation like baseline correction, standard
deviation and normalisation. As an illustration of the script's capabilities, different saliva
samples were arranged to showcase the different plot options. For the baseline
subtraction, the script takes as input Figure 7.2Bi and outputs Figure 7.2Bii. The
normalisation option converts the intensity of Figure 7.2Bii into Figure 7.2Biii. Finally, the
standard deviation option highlights the standard deviation to inspect the dispersion of the
acquired Raman data changing the plot from Figure 7.2Biii to Figure 7.2Biv. These
options are toggled commands from the main screen, and more than one option can be

selected simultaneously. Only the baseline can be further fine-tuned from the available
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command operations. Four parameters can be tuned for the asymmetric least

squares

smoothing baseline for the Raman plots, located on the ' Baseline' tab section.
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Figure 7.2: First part of the graphical interface — Plotting. (A) The GUI shows multiple commands options that can be

toggled and pressed to make different kinds of plots. Additionally, multiple display windows outline the files imported, a

text area to display results and additional function tabs. When the options are toggled, the process is performed over the

Raman data before plotting. For the data processes, we have the standard plot (Bi), toggled options for baseline

correction (Bii), normalization (Biii) and standard deviation (Biv). Besides the standard plot, there are three other

different plot options, stack plot (Ci), heatmap plot (Cii) and waterfall plot (Ciii).

Furthermore, multiple plot options are available to visualise the data. There are

average map or individual plots (Figure 7.2Bi), stack plots (Figure 7.2Ci), heatmap plots

(Figure 7.2Cii) and 3D plots (Figure 7.2Ciii) which can be pressed. The data is then

processed according to the toggled operations and subsequentially plotted after the “run

plot” button is pressed.
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7.4.2 Principal Component Analysis

After inspecting the imported data with the different plot options, we can continue the data
analysis procedure. In the second tab section, an option for multivariable analysis was
coded to allow the user to analyse the imported Raman spectra using PCA (Figure 7.3A).
The data loaded and processed with the PCA option are by default baseline subtracted

(ALS method with default parameters) and normalisation (Equation 7.1) by the script.

The PCA script output was designed to plot the multiple outcomes from a typical
PCA data analysis, such as 2D and 3D (Figure 7.3B) plot options. Besides the plotting
option, multiple preprocessing options are available to manipulate the data before the PCA
operation is performed. We have the Z-score (Figure 7.3D), a window setting (Figure
7.4C and D) and a Gaussian mixtures method (Figure 7.3C). The Z-score and window
setting operations change the initial Raman data before the PCA processing, thus
producing different results than the initial PCA analysis. The Z-score command will remove
outlier spectra from the whole spectra collection, thus clustering the spectra more tightly
together. For the window setting, by changing the Raman shift values, the Raman intensity
values will be truncated to a specific region making the PCA accommodate this (Figure
7.3D). The window option can be run when tracking a specific spectra region resulting in a
different and clearer PCA separation than the standard settings. The last parameter, the
Gaussian Mixtures operation, is done after the PCA is performed. It functions similar to the
Z-score. It fits an ellipsoid that accommodates a certain standard deviation range over the
sample cluster in the PC space, excluding all spectra points outside that range (Figure
7.3C). Different combinations of parameters can improve the PCA results from the PCA
analysis. The important observation is the different clustering of the classes and the

subsequent loading analysis (Figure 7.4C and D).
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Figure 7.3: Second tab of the Graphical Interface — PCA. A) PCA section, multiple commands can be computed in this
panel by toggling different options and pressing the PCA 2D or 3D to run. B) Showcase a 3D PCA plot for 15 different
datasets. C) 3D PCA with the same data points with Gaussian Mixtures applied. D) 3D PCA with the same data points
with a Z-score applied to the data.

Finalising the PCA section, a statistical comparison between the principal
components (PC) is implemented by calculating the Euclidean distance (Equation 7.4)
(Figure 7.4Bi) between different clusters in the PC space (Figure 7.4Biii red vs Figure
7.4Biii green). Since PCA is used to compare multiple samples, the most common cases
in the bioscience field are healthy vs unhealthy samples. Some authors also add an
intermediate state, for instance, healthy vs cancer vs benign cancer. So, we have a binary
comparison or a trinary comparison in the end. For these cases, an additional script does
a classification test over the samples with a k-nearest neighbours algorithm (Figure

7.4Biii), highlighting the separation boundary between the two classes and outputting the
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accuracy of the two classes' separation. Additionally, a ROC curve (Figure 7.4Biv) and a
confusion matrix (Figure 7.4Bii) are plotted to give more information regarding the class

analytical parameters like sensitivity and specificity.
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Figure 7.4:A) Second part of the PCA section, exploring the window range, PCA loadings and distance plot in 2D. B)i)
Euclidean distance whisker bar plot in the binary mode (healthy/unhealthy) obtaining for the distance between cluster
and cluster Y from PCA plot in Biii). ii) Confusion matrix for the classification test of  and ¥ samples, with accuracy (A),
Specificity (Sp), Selectivity (Se), negative predictive value (NPV) and precision (P). iii) PCA plot with k-NN separation
and separation percentage (52%). iv) ROC curve for the false positive rate (FPR) and true positive rate (TPR) relation.
C)i) 2D PCA plot (same data as Figure 3), showing the respective loading components C)ii). D)i) 2D PCA and ii)
loadings with windows setting on with a range from 950 cm™ to 1500 cm™, highlighting a slightly different separation and
loadings than D)i).

7.4.3 Peak Finder

For the last tab of the GUI, we present our Raman multi-peak fitting script. The script is

designed to perform multi-Lorentzian fits to individual Raman peaks in a spectrum. Two
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different procedures can be executed when importing the Raman spectra map (Figure
7.5Aii) onto the GUI (Figure 7.5Ai). The first is highlighted in yellow. The Raman TXT file
is imported onto the key menu followed by pressing the keygen button resulting in the
creation of the multiplot in Figure 7.5B and a CSV table with all the peaks found as in
Figure 7.5C. Figure 7.5B outlines the multi-Lorentzian fit procedure. First, the peaks are
identified by locating local maximum points in the Raman spectra (Figure 7.5Bi red
crosses) and then fitted by the same number of Lorentzian curves (Figure 7.5Bi coloured
Lorentzian fits). All Lorentzian fits are added and subtracted over the Raman spectra,
resulting in the blue scatter points (Figure 7.5Bii). The outcome residual peaks are again
fitted with multiple Lorentzian curves (Figure 7.5Bii coloured Lorentzian fits), obtaining the
second-order residual. The second-residual plotted should approximate zero in case of a
good Lorentzian fitting (Figure 7.5Biii red line). Finally, overlapping the multi-Loretzian fit
sum (Figure 7.Biv blue) with the initial Raman spectra (Figure 7.Biv orange). The CSV
file generated (Figure 7.5C) with all the fitted peaks has additional information related to
the peak intensity, intensity error, width, and Raman shift. After generating this CSV file, it
can be used as a 'key' option to open 'lock’ spectra which leads to the second part of the
peak finder code. Following the cyan labels in Figure 7.5Ai, the generated CSV file is
inserted on the 'key' option, and an unknown Raman spectrum is inserted in the 'lock’
option. Afterwards, pressing the keygen button with the peak matching box toggled
(Figure 7.5Ai red cross) generates Figure 7.5D plots. The peak matching box associated
value is related to the acceptance window between peaks, i.e., peaks found between the
two loaded files match if their Raman shift difference is inferior to the value inserted in the

text box.
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Figure 7.5:A)i) Peak Finder GUI tab highlighting the standard Raman peak analysis. Load a Raman TXT file (A ii) into

'key' and generate the Raman fit (B) with the peak information stored in a CSV file (C). Load the generated Raman (C)

list into 'key' and load a Raman text file into 'lock’ with the option ‘Peak matching' ticked to generate the peak matching

between the 'key' peaks and the 'lock’ file, output results in (Di, ii).
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Usually, a number approximately five or lower is accepted. From the peak matching
option, the generated plots (Figure 7.5D) match the 'key' peaks onto the 'lock’ file and

highlight them and fit them if there is a match (Figure 7.5Dii, i, respectively).

7.4.4 Principal Component Analysis Peak Finder

Besides the standard peak finder method described previously, the script can analyse the
peaks from the two multivariate analysis methods of PCA and SOM. PCA peak finding
method works over the loading values of the two initial principal components (PC1 and
PC2). To run these script functionalities, there are two options highlighted in Figure 7.6A.
Following the yellow highlighting, we load the different spectra into the key section, toggle
the 'loadings' option and press the keygen button. The script runs and outputs the PCA
plot with the two initial components, PC1 and PC2 (Figure 7.6B). Together with the
respective loadings plot (Figure 7.6D). The PCA plot shows how the sample distributes
among the PC space with additional highlighted regions marking the four different
quadrants (blue Q1, yellow Q2, green Q3 and red Q4). The loadings plot also highlights
regions that are related to the different PCA quadrants, separating the positive and
negative values in dark grey and light grey. In the 2D PCA space, there are four different
quadrants (Q), Q1 blue with the PC1 and PC2 values > 0, Q2 PC1<0 and PC2>0, Q3
PC1<0 and PC2<0 and Q4 PC1>0 and PC2<0. These inequalities are related to the
contributions of the Loadings spectra. For instance, in Q4, which is heavily populated by
the red samples in (Figure 7.6B), the Loadings give information that for this quadrant, we
have to look for LPC1>0 and LPC2<0 in Figure 7.6D. Generalizing, the two PC loadings
can be deconstructed into the four different inequality (Equation 7.5), and multi-Lorentzian

peak fit them as outlined in Figure 7.6E. Thus, the peak analysis over the loadings is split
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between the four different quadrants of the PCA space, and each quadrant is individually
multi-Lorentzian fitted, and the values are recorded in CSV format (Figure 7.6C) with
information regarding the peak fit height, centre, width, and the respective quadrant to

which the loading inequality belonged.

The second option to run the PCA peak finder script is highlighted in cyan and
requires the loadings multi-Lorentzian fit CSV file (Figure 7.6C) inserted in the ‘'lock’ file
option. Together with the standard Raman spectra multi-Lorentzian peak fit CSV file
(Figure 7.5C) inserted in the 'key' section. To run this routine, toggle both the 'peak
matching' option and the 'loadings’ option and push the keygen button. This combination of
options outputs the sum of the multi-Lorentzian fits (Figure 7.6F) with the respective
quadrant location, highlighted by the colour matching between the loadings 'spectra’ and
the PCA's quadrant colour (Figure 7.6B). The resulting plot matches the peaks between
the two CSV files loaded, i.e. the loadings 'spectra’ and the peaks from the standard
Raman spectra multi-Lorentzian fit. Each matching depends on which loadings quadrant
the match occurs; thus, each highlighted yellow bar in (Figure 7.6F) only matches a
specific peak per quadrant, which results in a better understanding of the different samples

in terms of their multivariate analysis and peak distributions.
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loadings CSV file with the peak from the standard peak CSV file. B) PCA of three different samples, highlighted by four
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Lorentzian fit of the loadings for each quadrant. F) Peak matching between the multi-Lorentzian fit summed and the
imported 'key' CSV file.
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7.4.5 Self Organizing Maps Peak Finder

The SOM peak finding method works similarly to the PCA. However, we check the neuron
activation spectra instead of the loadings. The SOM script can be executed following two
procedures highlighted in yellow and cyan (Figure 7.7A). Starting with the one highlighted
in yellow, we load a Raman map file onto the 'key' section as described in Figure 5Aii,
toggle the SOM tick-box, and press the keygen button. The SOM size can be customized
by adjusting the parameter next to the SOM toggle box. A good approximation of the SOM
size is the fourth root of the total number of spectra present in all the sample maps. After
running the script, multiple plots are output, such as the normalized intensity Raman plot of
all the samples (Figure 7.7B). The SOM plot (Figure 7.7C) highlights three important
features. The different sample placements within the map. Each dot present in the SOM
represents a spectrum in the Raman spectra map. The hexagons that compose the SOM
have an inner colour representing how specific the neuron activation is for the spectrum
present in the hexagon. Finally, the hexagon edge colour is related to the highest sample
population in each hexagon. Complementing the SOM plot, we have the neuron
activations plot (Figure 7.7D), highlighting the different activation 'spectra’ per neuron.
Information regarding each hexagon's spectrum profile is obtained from this plot by
matching the x and y coordinate position to the hexagon position, and the peak finding
method is applied to these activation plots. The multi-Lorentzian peak fitting method is
applied to each activation 'spectra’ as described previously, and the fitting parameters are
stored in a CSV file (Figure 7.7E), with additional information related to the SOM

hexagonal position for the peaks to be tracked.

Moreover, the peaks with the highest activation values are stored, and a heatmap

plot is constructed regarding these peak position values per hexagon (Figure 7.7F).with
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each heatmap position matches the SOM position. Thus, the peaks can be tracked to the

SOM locations from the heatmap.

Finally, the second option to run the SOM peak finder script is highlighted in cyan
and requires the activation multi-Lorentzian fit CSV file (Figure 7.7E) inserted in the 'lock’
file option. Together with the standard Raman spectra multi-Lorentzian peak fit CSV file
(Figure 7.5C) inserted in the 'key' section. To run this routine, toggle both the 'peak
matching' option and the 'SOM' option and push the keygen button. This combination of
options outputs the sum of the multi-Lorentzian fits (Figure 7.6G) with the respective SOM
x and y location. The resulting plot matches the peaks between the two CSV files loaded,
i.e. the SOM activation 'spectra’ and the peaks from the standard Raman spectra multi-
Lorentzian fit. Each matching depends on which hexagon coordinates the matching
occurs; thus, each highlighted yellow bar in (Figure 7.7G) only matches a specific peak
per hexagon, which helps to understand better the different samples in terms of their

multivariate analysis and peak distributions.
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Figure 7.7: A)i) GUI - SOM Peak Finder section. Highlighted in yellow and cyan are the two different operation methods

of the script. Yellow generates the multi-Lorentzian fit CSV file of the SOM neuron activations, and cyan compares the

peaks from the activation CSV file with the peaks from the standard peak CSV file. B) Normalized average spectrum of

the different samples loaded into ‘key'. C) Self-Organizing maps in a three by three hexagonal configuration, separating

the different samples into different hexagons highlighted with separation boundaries and edge-colouring related to the

highest hexagon sample population. D) Activation Raman' spectrum’ related to the different hexagons positions. E) Peak

fitting parameter table of the different Lorentzian fits to the SOM activation 'spectrum’ (D). F) Heatmap representing each

SOM hexagon of the important peak fit centre values from the activation 'spectrum’. (D). G) Multi-Lorentzian sum for the

different SOM activations per hexagon, with peak matching result between the SOM activation CSV and the imported

'key' CSV file.
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The multiple peak analysis described here was used to characterise the sample,
which included multi-Lorentzian peak fitting to average spectra, PCA loadings, and SOM
activations. It is now possible to gain complete insight into the various nuances among
different samples by using multiple methods to cross-validate peak changes, resulting in

greater certainty in the analysis and a dependable multivariate analysis methodology.

7.5 Conclusions

Proper Raman data analysis requires high levels of expertise in the data science field,
which might not be common to all Raman spectrometer users. Additionally, Raman data
analysis software included with the Raman spectrometer lack advanced multivariate
analysis tools and thus have limited options in the data processing tools for the user.
Finally, when performing Raman compound analysis, the libraries available are usually
very specific to general chemical compounds and lack the flexibility for unknown
substances. With the aid of an intuitive GUI, a script capable of handling various Raman
data analysis choices was created. The GUI has three main tools, one for Raman data
plotting with multiple options, individual, stacked, heatmap and waterfall plot. Another for
multivariate analysis with a complete PCA analysis with the PCA plot, loadings and
classification stores, k-nearest neighbours, confusion matrix and the ROC curve for a
complete multivariate analysis and samples classification. Finally, a peak analysis script
that uses a multi-Lorentzian fit approach to fit all the peaks present in a Raman map in the
PCA loadings and the SOM activations. The multi-Lorentzian fit analysis parametrizes the
fit into a CSV file, thus creating any customized peak library for any compound for a

posteriori comparison. Moreover, the script has been optimized to run using the least
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number of inputs, mainly the Raman map TXT file and one parameter. Thus, it is very

convenient and easy to use.

Furthermore, each user can have their peak library and share it with other
scientists. These libraries can also be compared with user-built CSV files from literature
peaks. The matching feature also outputs an intensity ratio comparison for matched peaks

making the script a quantitative and quantitative analysis tool for Raman spectra.

Overall, the multiple scripts created and combined through the GUI solve most
Raman data analysis problems in standard Raman literature. Moreover, with the option of
multiple Raman peak fitting methods, which generates each user their peak library, which
can be used to compare with other Raman samples, PCA Loadings and SOM activation.
Thus, making all output libraries compatible, and peak matching can be perform between

them.

With this solution at hand, the problem posed in the introduction of finding the
relation between sample ¢ and sample W, which depends on C, i.e. W(C), can be
completely understood with your peak finding solution, using the combination of Raman
peak tracking and PCA/SOM peak tracking to get a complete understanding of the
samples. Thus, discerning between sample ¢ and W and which parts of sample W

resemble C.

For future work, integrating a combination of Gaussian, Lorentzian and Voigt for the
peak fitting method instead of only Lorentzian and let the user decide on which to use,
thus, perfecting the 2nd residual calculation to approximate zero. Additionally, the Raman
analysis could consider the x and y coordinate values of the Raman map and use these to

generate a 2D intensity map highlighting the important peaks. Finally, incorporate a
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supervised multivariate analysis method, the linear discriminant analysis (LDA), into the

analysis methods.
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CHAPTER 8

Summary and Future Outlook

8.1 Summary

This doctoral thesis has demonstrated the capabilities of using convolutional neural
networks to help classify different patterns regarding their SERS activation with an
accuracy between 90-99%. Additionally, multiple approaches were elaborated for an ideal
way of analysing Raman data, such as self-organising maps, principal component analysis
and multi-peak fitting analysis resulting in an in-depth singleplex and multiplex Raman

spectral data analysis.

In particular, in Chapter 4, convolutional neural networks were used to characterise
atomic force microscopy images of patterned surfaces in order to gain a better
understanding of their SERS activations. In Chapter 5 optical images, it was possible to
identify SERS active EHD pillars and even to integrate the code in a real-time
experimental data acquisition test, resulting in accurately identifying SERS npillars for a

consistent and reproducible SERS measure.

Another aspect to highlight is the use of Python as the chosen language for writing
and executing all coded scripts dues to its capabilities in executing multiple different tasks.

From 3D simulation of the EHD dispersion equation in Chapter 3 to using different CNN
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architectures in Chapters 4 and 5 and multiple ML algorithms like SOM and PCA in
Chapter 7. Furthermore, in Chapter 7, multiple plot options were investigated (2D and 3D),
and a GUI was developed for an interactive Raman data analysis experience, thus

showing Python'’s flexibility for problem-solving in the scientific world.

Finally, in Chapter 6, a systematic analysis of Raman spectral data was carried out
in the most systematic analysis methods performed by many authors with a special
interest in the saliva Raman field. Since saliva extraction is a non-invasive procedure and
is easy to acquire, it naturally developed a special interest with potential applications for
the detection of different illnesses when used as an analyte. In order to do so, the different
analysis methods were organised and coded into a functional GUI presented in Chapter 7
that can be accessed and run by just giving the Raman data as input. Scripts are executed
by just clicking a button, and then the results are output and saved with high quality. For
every script executed, an additional text file is generated that collects the multi-Lorentzian
peak fitting parameters for each Raman special loaded, thus automatically generating a
Raman peak library for each sample that can be shared and used by other Raman

scientists.

8.2 Future Outlook

The work started here lays initial foundations that can be picked up and explored for the
future. Starting from the first experimental chapter, chapter 3, the tilted geometry and its
effects in the EHD setup was explored resulting in the generation of an assortment of
different pillar structures. Thus a microfabricated top electrode surface with a controllable
tilting angle can be employed to generate controllable EHD patterns structures with a

specific height gradient that could open paths for new optical effects using EHD structures.
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In chapters 4 and 5, the use of pretrained CNN for tracking SERS EHD structures
was explored using two different approaches: AFM images and optical microscope
images. Two different bottlenecks were identified for this task. Regarding the AFM images,
the bottleneck is the acquisition time to arrange sufficient images to have a large
representation of the different classes. It requires large amounts of time, and then to have
all images with very high quality, even more, time is required. Thus, a solution to this
problem was to use the optical microscope, which makes it easy to acquire large amounts
of images. However, the bottleneck is now the resolution of said images. Since training
CNN always requires large amounts of data to reduce the overfitting of the model,
obtaining the images through the optical microscope will always be a better option. The
methodology of using data augmentation for the images and the pre-trained VGG16 with
fine-tuning were very good. The data augmentation method managed to reduce the
overfitting, and the pre-trained VGG16 with fine-tuning generated models with very high
accuracy. Thus these methods seem ideal for generating any other kind of image
identification/classification solution. One aspect that can be improved is to automate the
segmentation of individual images from larger images. We manually selected all images in
our work, which is a very time-consuming task. Thus automated way of using the
cv2.contour function™ was proposed. That can create contours in images, individually
select images of interest, and crop them for an automated image generator. This tool can
be used to make the task of identifying images to classify quicker, requiring no manual
work. Another improvement could be made by setting up a new base architecture for CNN.
The CNN architecture used in this work was the VGG16. However, other architectures
might work faster and potentially more accurately, such as the YOLOv3 @, ResNet B!, and
AlexNet ¥, which can also be integrated while acquiring images in real-time. Besides

applications for SERS/non-SERS classifications, the biomedical field has many different
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problems requiring proper classification, usually done by highly qualified medical
professionals. However, if properly trained, these CNN can replace the medical profession
in the diagnoses and free the professional to perform more complex tasks besides the
classification tasks. So we envisioned that CNN would be employed in multiple medical

settings in the future.

In chapter 6, saliva as a bioanalyte was introduced, as was how multiple research
groups analyse saliva in terms of its Raman fingerprint. It was demonstrated that a
correlation could be obtained for differences in the saliva spectra with different illnesses.
However, these changes are usually very subtle, and thus machine learning methods are
employed to distinguish the differences properly. Here, saliva is a good analyte for
diagnostics of different cancer types, so we can estimate that saliva will be more used for
these cancer tracing due to its non-invasive properties. Moreover, machine learning
techniques have shown to be very powerful in identifying small changes between spectra,
and thus it is a requirement to use them in proper medical diagnostics. All the different
techniques inspected here culminate with the development of the GUI in chapter 7. Where

all the different tools can be employed and used on the spot.

Additionally, the most important tool is the multi-Lorentzian peak fitting, which was
developed to generate the Raman signal of the sample and inspect all the relevant peaks
from it. These peaks can be inspected through the normal Raman spectral analysis and
the different machine learning tools, PCA and SOM. For this different analysis, a CSV file
with all the spectra peaks is created. This file can be used to compare different spectra
and research groups and share them among peers, thus creating a common experimental
Raman peak library. This generated CSV can be used anywhere, and it will be a valuable

tool for diagnostics.
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Overall, the interdisciplinary relationship between computational tools, micro-
fabricated patterns, and a variety of characterization techniques demonstrated in this
thesis is groundbreaking. The Python-based framework used in this research is highly
versatile and can be applied to a wide range of other pattern-generating techniques such
as focused ion beam lithography, electron beam lithography, optical lithography,
nanoimprinting, microfabrication, and nanoparticles, as well as measurement tools like
SEM and Fourier-transform infrared spectroscopy (FTIR). The potential of this
programming tool to empower users to explore their own creativity during testing and
problem-solving processes is truly innovative and has the potential to revolutionize the
field. The combination of traditional methods with novel computational tools during the
analysis has been proven, throughout this thesis, to be an extremely effective approach to
the analysis of micro-fabricated patterns and the processing of their data. The proposed
innovations in this research are particularly impactful for the scientific community, as the
micro-fabricated patterns studied have a wide range of potential applications in various

fields, particularly in the field of health.
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APPENDIX A

SUPPORTING INFORMATION FOR CHAPTER 4

S1 Representative Average Surface Roughness in the Centre
of EHD Fabricated Pillar Topology

Figure S1. (a) Representative three-dimensional AFM height image of the EHD fabricated pillar structures with the
higher magnification (b) AFM image of the average surface roughness. (c) The calculated arithmetic average of the
height deviations from the centre plane of the surface in the central pillar region was on average of 30.0+12.0 nm per 5
um surface area.
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S2 Calculation of the Enhancement Factor and Reproducibility
Coefficient
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Figure S2. (a) Absolute enhancement factor values of the seven representative pillars in Figure 2. (b) For the
enhancement factors from the 17 reproducible substrates fabricated via the micronanolithographic EHD apparatus, the
reproducibility coefficient and the confidence interval of the mean EF were found to be: Standard Deviationgeiasve
£7x2.8x100%=8.55%: (9.4x10°, 1.1x107). All of the achieved EFs are on the order of magnitude of x10% with the small
variation in the pre-factor values, with the largest difference in the SERS EFs of less than two fold for the between the
highest and the lowest substrate, indicating a good signal reproducibility. This is in agreement with the conventional
SERS platforms, considered highly reproducible even when showing nearly one order of magnitude difference. % The
confidence interval limits for the enhancement factor were calculated based on the mean difference of -1.96 x standard
deviation (differences) and mean difference of +1.96 x standard deviation (differences).
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S3 Reproducibility of EHD-SERS Substrates - Uniform
Platforms for Reliable SERS
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Figure S3. (a) AFM image of the uniform periodic EHD-fabricated nanoplatforms and the corresponding fast Fourier
transform (FFT) image (inset). (b) Ingrained by the plot profile of the AFM image the grey value distribution as function of
distance across the image, demonstrating highly-consistent structural units with low and high frequencies containing
similar image information with two dominating directions in the FFT image passing through the centre, both originating
from the uniform structures in the background of the original image. (c) These structural units provide a highly-consistent
SERS signal over the entire substrate surface area (200x200um?) with pillars distribution at the surface in regards to the
laser spot size (diameter: ~1.0um) yielding uniform signal. SERS spectra acquired from four random locations across
each substrate as well as from (inset) three different substrates at average of five locations (i.e., pillars) each. (d)
Representative SERS spectra of BT on uniform substrates across ten random pillars on each substrate, for the 1070 cm”
1 peak. Repeatable SERS response was obtained from the pillars with relative standard deviation values of less than
3.0% with an average variation of less than 7.5% in terms of the relative peak intensities in the framework of one
substrate (error bars) and between the different samples (height of the bars).
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S4 Stability Analysis

a b 1
—1h z
Tdays -
—— 14days E 0.8
30days =
5 2months e
® = 3months ®
= > 0.6
c 2
i) £ 04
c x
= ©
Q
o
202
[
o
2
£
500 700 900 1100 1300 1500 0 500 1000 1500 2000
Raman Shift/ cm™ Time /h

Figure S4. (a) Characterization of SERS activity with the representative Raman spectra of BT on the EHD-SERS
substrates. (b) Temporal evolution of the signal intensity of BT at 1070 cm™ with a very minor variation of less than 1%
within the first 2 weeks and overall of 5.7% over the period of 3 months. Within the experimental error, the substrates are

Stable over long periods of time.
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S5 Spike-and-Recovery (S&R) Proof-of-Concept Assay of the
EHD SERS Substrate TBI Biomarker

a b
Sample No spike (Opg.mL) Spiked (~50 pg/mL}  Raman Band/cm? Peak Assianment
Control (diluent) 0 53 682m v (C=0)
1 0 515 7 (0-H) in N-acetyl bending mode
2 0.7 48.9 of C=0-0-
> : = 717m o(C.C). def(O-H)
= - 50:9 930s v(C-C) and N-C symmetric stretchina
6 0.7 293 1010w out of plane p(CHa), T(CH2)
7 0.5 52.8 v (C=0) amides
8 23 51.5 1168m v (C=0) and &(C-OH)
9 0 49.8 1420m c(CO0), acetylamide in the CHs-NH-
10 L ) C=0 of the N-acetyl asymmetric
Average 50.65 def(CiHs) and 35(CHa)
DAptagen 1517s S(N-H)in (NH-C=0-CH2) group
Mean Recovery % 95.56603774
(+/-5.D.) (+/-3.4%)

Figure S5. (a) S&R validation assay of the EHD-SERS substrates establish a difference between the diluent and the
analytical sample matrix. 10uL of analyte spiked in the 50uL test sample matrix showed a mean recovery (%) response +
standard deviation (S.D.) of 95.5 + 3.4 in the assay relative to a duplicate spike in the standard diluent. (b)

Representative SERS peak assignments of the N-acetylaspartate.
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S6 Characteristic Fingerprint SERS Spectra and Barcode of
Peaks of the N-acetylaspartate Marker

400 600 800 1000 1200 1400 1600 1800

NAA on EFDP-SERS

INAA on Au-PS!

400 600 800 1000 1200 1400 1600 400 600 800 1000 1200 1400 1600 1800
Raman Shift / cm™ Raman Shift / cm”

Figure S6. Left: Average Raman spectra of the N-acetylaspartate using the EHD-SERS substrates (red) and using the
reference gold-nanocoated PS film of the same thicknesses used for the EHD patterning but with no structures on the
surfaces (black) recorded at 785 nm excitation wavelength, 3 mW laser power, with the EHD substrates, used as
fingerprint references. Right: The corresponding barcode for the marker. The characteristic finger-prints include the peak
at 682 cm, attributed to the C=0 wagging and twisting of —OH bonds in the N-acetyl, the 717 cm™ peak originating from
the stretching of C.C bonds as well as the deformation of the O-H groups. The peaks at and between 1010 cm™, 1168
cm™ are from the out-of-plane CH; rocking mode, twisting of the CH,, the wagging of the C=0O amides and the N-H

vibrations in the NH-C=0-CHj; group at 1517 cm™ in the N-acetyl. The peak at 1420 cm™ originates from the acetylamide
in the CH3-NH-C=0 of the asymmetric vib CHs deformations.
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S7 Roughness of the Au-PS film

The average roughness (Ra) of the pristine as-spun polymer films and Au coated
polymer substrates were analysed using AFM. The mean roughness value represents the
arithmetic average of the surface height deviations measured from the centre plane of the

sample calculated from five independent measurements.

The AFM analysis indicates that the roughness of the pristine polymer film is slightly lower
compared to those after the deposition of the gold nano-layer. The overall roughness after
gold deposition is only of the order of ~nm which is not enough to generate any SERS

signal under our experimental conditions.

b cis | |

PS/Au,R=139nm SO G e S

Figure S7. AFM height (left) and three-dimensional morphology (middle) images of (a) as-spun polymer film and of gold
layers (b) deposited after two cycles of 30 s long sputtering at 70 mA on the polymer coated substrate. The cross-
sections of the corresponding AFM scans (right hand side) in (a and b) show an average roughness of pristine polymer
film and the gold.
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S8 Quantitative Detection of Representative Biomarker via
EHD-SERS
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Figure S8. SERS substrates were used as an assay to perform dilutions using the specified concentration range for the
biomarker. (a) SERS spectra detected from dilutions at 100 nM to 1 fM concentrations and the (b) corresponding
calibration curve used to calculate the limits of detection, which is three times the standard deviation of the blank divided

by the gradient of the linear curve. Error bars denote the standard deviation.
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S9 Detectable Biochemical Probes
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Figure S9. Representative fingerprint SERS spectra for (a) Methylene Blue, (b) Stachyose and (c) S-one-hundred
calcium-binding protein B on EHD-SERS substrates.
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APPENDIX B

PYTHON CODES
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The main python scripts created in this document are the whole convolutional neural

network code and Rol code discussed in Chapter 4, and Chapter 5 can be inspected in:

https://github.com/PauloAxcel/SERS-EHD-pillars

And the Raman peak finder code with the graphical user interface code from Chapter 10

can be inspected in:

https://github.com/PauloAxcel/Raman-Peak-Finder

Additionally to the codes already mentioned in the document other codes were

implemented for smaller task. Here we provide a description to them plus their code.

B.1 Raman peaks from papers

This code was designed to read pdfs and extract the Raman peaks from them with the sentence where they appear. This
work helped to create the saliva tables in Chapter 9.

Description : Easy python code to look for peaks in your papers. Uses pytesseract package (related to tesseract from
google) and pdf2image package as the main pdf read/interpret text package. Followed by a search for a specific key
work, in this case cm, (which is relate to the Raman peak units, found in all papers). The code extracts the peak, the
sentece where that value came, and 3 other columns (‘height','importance’ and 'width’) that are irrelevante in this context
but are useful for other ongoing work.

There are 3 important notes for this code to work you need to 1st install tesseract from

https://github.com/UB-Mannheim/tesseract/wiki ~ then  pip install pytesseract 2nd install poppler from

https.//github.com/oschwartz10612/poppler-windows/releases/ 3rd download all your pdf files, that you want to extract

the peak detailed information into, and put them into a folder

os.chdir() pytesseract.pytesseract.tesseract cmd = <your tesseract.exe file dir (terminated in \tesseract.exe)>

poppler_path =

Code: https://github.com/PauloAxcel/Raman-peaks-from-papers

import slate3k as slate

import os

from tqdm import tqdm

from PyPDF2 import PdfFileReader
import re

import pandas as pd

import numpy as np
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import matplotlib.pyplot as plt

from matplotlib import style

from PIL import Image

import pytesseract

import argparse

import cv2

import os

from pdf2image import convert_from_path

pdf_files = []

os.chdir(r"C:\Users\paulo\OneDrive - University of Birmingham\Desktop\birmingham_02\
saliva\GUI for raman analysis\reading raman values from papers\saliva")

for file in os.listdir():
if file.split('.')[-1] == 'pdf':
pdf_files.append(file)

pytesseract.pytesseract.tesseract_cmd = r'C:\Program Files\Tesseract-OCR\tesseract.exe'
poppler_path = r'C:\Users\paulo\OneDrive - University of Birmingham\Desktop\
birmingham_02\articles\saliva\poppler-21.03.0\Library\bin'

all_string = []
new_string = []
num = []

for f in pdf_files:

pages = convert_from_path(f,poppler_path=poppler_path)

num.append(len(pages))

for p in pages:
text = pytesseract.image_to_string(p)
string = list(filter(None, text.split('\n')))
for s in string:

new_string.append(list(filter(None,s.split('\x00'))))

flat_s = [item for sublist in new_string for item in sublist]
b_string = ' '.join(flat_s).split('. ')
all_string.append(b_string)

all_string = pd.DataFrame(all_string).T
all_string.columns = list(range(sum(num)))

info_to_obtain = 'cm'
info = []
numbers = []
for m in range(sum(num)):
all_string_clean = all_string.iloc[:,m].replace(to_replace='None',
value=np.nan).dropna()
info.append(all_string_clean[all_string_clean.str.contains(info_to_obtain)].tolist())
flat = list(set([item for sublist in info for item in sublist]))
final_num = []
#range for a control check
low = 100
high = 3200
final _df = []

for t in flat:
numbers = re.findall(r"[-+]?\d*\.\d+|\d+ "+info_to_obtain, t)
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if detect_special_characer(t):
pass
else:
for n in numbers:
if len(n.split(' ")) !=1:
n = n.split(' ")[0]
if (float(n)>low and float(n)<high):
t = ' '".join(t.split(',"))
t = re.sub('[?a-zA-Z0-9\n\.]', ' ', t)
final_df.append([n,t])

H* H H*

final_df = pd.DataFrame(final_df,columns=['center', 'label'])
final_df['height'] = [1]*final_df.shape[0]
final_df['importance'] = ['major']*final_df.shape[0]

final _df['width'] = [1]*final_df.shape[0]
final_df.to_csv('peaks_'+f+'.csv',index=False,sep=";")

u
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B.2 Saliva Peaks Whisker Plot

This code was designed to plot the saliva peaks whisker plot in Chapter 9.

Code: https://github.com/PauloAxcel/saliva-peaks-whisker-plot

I3

import numpy as np

import pandas as pd

import seaborn as sns

import matplotlib.pyplot as plt

font = {'family' : 'arial’,
'size' 1 26}

plt.rc('font', **font)

rangex = np.arange(400,2200+1, 25)

df
df

pd.read_csv('saliva data_v@4.txt', sep='\t')
df.dropna().reset_index(drop=True)

labels
colors

list(df['group'].drop_duplicates())
['blue', 'green', 'red', 'magenta']

limit = [0,0,0,5]
from sklearn.cluster import KMeans
from sklearn.metrics import silhouette_score

-1
for label , color in zip(labels,colors):
i=i+

index = df['group'] == label

mols = list(df[' Assignments'][index].drop_duplicates())
plt.figure(figsize=(36, len(mols)/1.618))

for mol in mols:
print(len(mols))

index2 = df[' Assignments'] == mol
X = df['Peak position (cm-1)'][index2]

from sklearn.cluster import MeanShift, estimate_bandwidth
from sklearn import preprocessing

if X.shape[0]>1:
if X.shape[0]>15:
g=0.1
else:
g=0.5
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color)

plt.
plt.
plt.
plt.
plt.

x1 = list(X.values)

x = list(zip(x1,np.zeros(len(x1))))

X = preprocessing.scale(x)
bandwidth = estimate_bandwidth(x, quantile=q)
if bandwidth == 0:

sns.boxplot(y=df[' Assignments'][index], x=X,color = color)

else:

ms

ms.

= MeanShift(bandwidth=bandwidth,

Fit(x)

labels2 = ms. labels_
cluster_centers = ms.cluster_centers_

labels_unique = np.unique(labels2)
n_clusters_ = len(labels_unique)

for k in range(n_clusters_):

else:

my_members = labels2

sns.boxplot(y=df['

bin_seeding=

sns.boxplot(y=df[' Assignments'][index], x=X,color =

xlabel('Peak position (cm$/A{-13}$)")
title(label)
xticks(np.arange(400,1800+1,50),rotation=-90)
x1im(400,1800)

grid(True,

linestyle="'--")
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B.3 EHD Colour to Thickness

This code was designed to convert EHD RGB values (from an optical image) into thickness (nm values) in Chapter 3.

Code: https://github.com/PauloAxcel/EHD-colour-to-thickness

“

from PIL import Image

import numpy as np

from collections import namedtuple, OrderedDict
import pandas as pd

import matplotlib.pyplot as plt

from scipy.optimize import curve_fit

import pylab

import scipy as sp

Polynomial = np.polynomial.Polynomial

from matplotlib.pyplot import figure

import pandas

from pandas.plotting import scatter_matrix

import matplotlib.pyplot as plt

from sklearn import model_selection

from sklearn.metrics import classification_report
from sklearn.metrics import confusion_matrix

from sklearn.metrics import accuracy_score

from sklearn.linear_model import LogisticRegression
from sklearn.tree import DecisionTreeClassifier
from sklearn.neighbors import KNeighborsClassifier
from sklearn.discriminant_analysis import LinearDiscriminantAnalysis
from sklearn.naive_bayes import GaussianNB

from sklearn.svm import SVC

import numpy as np

import cv2

import matplotlib.pyplot as plt

#H##HAHAH###AH CALIBRATION TO GET RGB TO THICKNESS CONVERTION

font = {'family' : 'Arial’,
'size' 1 22}

plt.rc('font', **font)

img = cv2.imread('calibration.png')

cal = cv2.cvtColor(img, cv2.COLOR_BGR2RGB)
#calld = cal[cal.shape[0]//2,:,:]

calld = np.mean(cal,axis=0,dtype=int)
#stdcalld = np.max(np.std(cal,axis=0),axis=1)
stdcalid = 5

#tabulated values from Erik Schaffer

thickness=[20,70,100,140, 200, 265,290,310, 330, 350, 400,420,460, 520]

Rval = [154,98,43,47,253,176,78,88,168, 244,252,158, 228, 247]
Gval = [86,58,76,117,231,76,166,207, 243,247,130, 223,207,174]
Bval = [15,48,107,143,119,130,176,175,140,94,154,123,128,133]

def indexation(calld,stdcalild,Rval,Gval,Bval):
counter = 0
x =[]
xdim = np.linspace(0,1, len(calld))

for r,g,b in zip(Rval, Gval,Bval):
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Rmin = r - stdcalild < calid[:,0]
Rmax = calld[:,0] < r+ stdcalld
Gmin = g - stdcalild < calid[:,1]
Gmax = calld[:,1] < g + stdcalid
Bmin = b - stdcalild < calid[:, 2]
Bmax = calld[:,2] < b+stdcalid

index = list(Rmax & Rmin & Gmax & Gmin & Bmin & Bmax)

position = np.mean([index for index, element in enumerate(index) if element ==
True],dtype=int)
if position<len(calld)+1l and position>0:
x.append(xdim[position])
else:

X .append(0)
counter +=1

return x,counter

from scipy.optimize import curve_fit
def objective(x, a, b):
return a * x + b
def rsquared(x, y):
""" Return RA2 where x and y are array-like."""
slope, intercept, r_value, p_value, std_err = sp.stats.linregress(x, y)
return r_value**2
X, counter = indexation(calld, stdcalld,Rval, Gval,Bval)
popt, _ = curve_fit(objective, x, thickness)
a, b = popt
y_line = [objective(xs, a, b) for xs in x]
plt.figure(figsize=(9,9/1.618))
plt.plot(x, thickness, '0"')
plt.plot(x, y_line, '--', color='red',6 label="'$R"2%$="+str(round(rsquared(x, thickness),2))
+'\n thickness(nm)="'+str(round(a,2))+'*RGB'+str(round(b,2)))
plt.legend(loc='best"')
plt.show()

#### CASE STUDY TO MAP RGB INTO HEIGHT

img2 = cv2.imread('test_image.png')

test = cv2.cvtColor(img2, cv2.COLOR_BGR2RGB)
tnew = np.zeros((test.shape[0], test.shape[1]))
Rnew = test[:,:,0]

Gnew = test[:,:,1]

Bnew = test[:,:,2]

cnt = []

filt = 25
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for i in range(Rnew.shape[0]):
print(i)
xnew, counter = indexation(calid, filt, list(Rnew[i, :]), list(Gnew[i, :]), list(Bnew[i, :]))
tnew[i, :] = [a*xnew2+b for xnew2 in xnew]
cnt.append(counter)

fig = plt.figure()

ax fig.add_subplot(121)
im ax.imshow(tnew)
fig.colorbar(im)

ax2 = fig.add_subplot(122)
ax2.imshow(test)

XX
yy

np.linspace(0,5, tnew.shape[1])
np.linspace(0, 5, tnew.shape[0])

X,Y = np.meshgrid(xx,yy)
Z = tnew

from matplotlib import cm
from matplotlib.ticker import LinearlLocator

fig = plt.figure()

ax = plt.axes(projection='3d")

surf = ax.plot_surface(X, Y, -Z, cmap=cm.coolwarm, 1linewidth=0, antialiased=False)
ax.view_init(elev=50, azim=-180)
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B.4 EHD Electrostatic Pressure Calculation for Parallel
Configuration

This code was designed to calculate the dispersion relationship for the EHD physics in parallel capacitor condition in
Chapter 3.

Code: https://github.com/PauloAxcel/EHD-dispersion-relation

import pandas as pd
import numpy as np
import math

import numpy as np

import pandas as pd

import scipy

import peakutils

import matplotlib.pyplot as plt
import numpy as np

from scipy.signal import find_peaks
from scipy.signal import find_peaks_cwt
import numpy as np

import peakutils

from scipy.signal import 1filter

from scipy.linalg import solveh_banded
from brokenaxes import brokenaxes

font = {'family' : 'Arial’,
'size' 1 22}

plt.rc('font', **font)

gamma=0.03
eta=15000
h=0.0000001
epsilon0=8.85E-12
epsilonp=2.5

A=0.0001

d=0.000001

U=40

delta = 0

spacel = 100

space2 = 100

h np.linspace(1E-6, 2E-6, spacel)

np.linspace(0,5000000, space2)
freq = np.zeros((spacel, space2))
gmax = np.zeros(spacel)
= np.zeros(spacel)
dp = np.zeros(spacel)
p = np.zeros(spacel)
NUM_COLORS = spacel
cmaps = plt.get_cmap('gist_rainbow")
colours = [cmaps(1.*1/NUM_COLORS) for i in range(NUM_COLORS)]
plt.figure(figsize=(9,9/1.618))

for i in range(spacel):
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p[i] = -0.5*(epsilon@*epsilonp*(epsilonp-1)*U**2)/(epsilonp*(d-delta/2)-(epsilonp-
1)*h[i])**2
dp[i] = -(epsilon@*epsilonp*(epsilonp-1)**2*uU**2)/(epsilonp*(d-delta/2)-(epsilonp-
1)*h[i])**3
gmax[i] = np.sqrt(-dp[i]/(2*gamma))
gc[i] = np.sqrt(-dp[i]/gamma)

for j in range(space2):
freq[i,j] = -(h[1]**3/(3%eta))*(gamma*q[j]**4+dp[i]*q[j]**2)

plt.plot(q,freq[i, :],color=colours[i])
plt.xlabel('wavenumber ($mA{-13}$)")
plt.ylabel('wave frequency ($s/A{-1}$)')
plt.x1lim(0,5000000)

plt.ylim(-100,100)

plt.show()

fig = plt.figure(figsize=(9,9/1.618))
ax = fig.add_subplot(111)

fig2 = plt.figure(figsize=(9,9/1.618))
ax2 = fig2.add_subplot(111)

fig3 = plt.figure(figsize=(9,9/1.618))
ax3 = fig3.add_subplot(111)

for ind, c¢ in enumerate(colours):

ax.plot(h[ind], p[ind], '0', label="pressure',color=c)
ax.set_ylabel('electrostatic pressure (Pa)')
ax.set_xlabel('polymer height (m)')

# ax.legend(loc="best', frameon=False)

ax2.plot(h[ind],dp[ind], '0o', label="dpressure',color=c)
ax2.set_ylabel('dpressure (Pa/m)')
ax2.set_xlabel('polymer height (m)')

ax3.plot(h[ind],qc[ind], '0o',color=c)
ax3.plot(h[ind], gmax[ind], '0',color=c)
ax3.set_ylabel('wavenumber ($mA{-1}$)")
ax3.set_xlabel('polymer height (m)"')

ax3.plot(h,gc, label="qc',color="k")

ax3.plot(h, gmax, ls='--"', label="gmax',color="k")
ax3.legend(loc="best', frameon=False)
plt.show()

plt.figure(figsize=(9,9/1.618))

plt.contourf(h, q, freq, 1000, cmap='gist_rainbow')
plt.xlabel('polymer height (m)')
plt.ylabel('wavenumber ($mA{-13}$)"')
plt.xlim(1.5e-6,2e-6)

plt.ylim(3.1e6,3.6€6)

plt.colorbar(label="wave frequency ($s/r{-1}$)")

u
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B.5 EHD Electrostatic Pressure Calculation for Tilted
Configuration

This code was designed to calculate the dispersion relationship for the EHD physics in tilted capacitor condition in
Chapter 3.

Code: https://github.com/PauloAxcel/EHD-dispersion-relation

I73

import pandas as pd
import numpy as np
import math

import numpy as np

import pandas as pd

import scipy

import peakutils

import matplotlib.pyplot as plt
import numpy as np

from scipy.signal import find_peaks
from scipy.signal import find_peaks_cwt
import numpy as np

import peakutils

from scipy.signal import 1filter

from scipy.linalg import solveh_banded
from brokenaxes import brokenaxes

font = {'family' : 'Arial’,
'size' 1 22}

plt.rc('font', **font)

gamma=0.03
eta=15000
h=0.0000001
epsilon0=8.85E-12
epsilonp=2.5

A=0.0001

d=0.000001

U=40

delta = 0.0000001

spacel = 100

space2 = 100

space3 = 9

delta = np.linspace(0,8E-7,space3)
h = np.linspace(1E-6,2E-6, spacel)
g = np.linspace(0,5000000, space2)

freq = np.zeros((spacel, space2))
gmax = np.zeros(spacel)
np.zeros(spacel)
np.zeros(spacel)

p = np.zeros(spacel)

NUM_COLORS = spacel

cmaps = plt.get_cmap('gist_rainbow')

colours = [cmaps(1.*i/NUM_COLORS) for i in range(NUM_COLORS)]
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for k in range(space3):
plt.figure(figsize=(9,9/1.618))
for i in range(spacel):

p[i] = -0.5*(epsilon@*epsilonp*(epsilonp-1)*U**2)/(epsilonp*(d-deltal[k]/2)-
(epsilonp-1)*h[i])**2
dp[i] = -(epsilon®*epsilonp*(epsilonp-1)**2*U**2)/(epsilonp*(d-deltal[k]/2)-

(epsilonp-1)*h[i])**3
gmax[i] = np.sqrt(-dp[i]/(2*gamma))
gc[i] = np.sqrt(-dp[i]/gamma)

for j in range(space2):
freq[i,j] = -(h[i]**3/(3*eta))*(gamma*q[j]**4+dp[i]*q[j]**2)

plt.plot(q,freq[i, :],color=colours[i])
plt.xlabel('wavenumber ($mA{-1}$)"')
plt.ylabel('wave frequency ($s/r{-1}$)")
plt.title('delta = '+str(delta[k]))
plt.x1im(0©,5000000)

plt.ylim(-100,100)

plt.show()
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B.6 EHD 3D Simulations

This code was designed to calculate the dispersion relationship for the EHD physics in tilted capacitor condition in
Chapter 3.

Code: https://github.com/PauloAxcel/EHD-3D-simlations

“

import numpy as np
import matplotlib.pyplot as plt
import sys

eta = 1.5*10**4
gamma = 30*10**-3
mu = 1.0

= 6.02e23

mp = 200+273.15

= 1.38e-23

= np.sqrt(2000*e**2*NA*mol/(eps_1*eps_0*kB*temp))

= 100
1. / size
1. / size

T=29.0
dt = .0001
n = int(T / dt)

import sympy as sym

from sympy import symbols ,diff

from sympy.utilities. lambdify import lambdify
import math

import scipy.integrate as integrate

import scipy.special as special

from scipy import interpolate

-eps_0*V**2/(2*d)
(eps_1-1)/(eps_1*d)

X, Y = np.mgrid[-10*np.pi:10*np.pi:100j, -10*np.pi:10*np.pi:100j]
z = h_0 + h_0%*9.1*np.sin(x*y)
z0 = z

from matplotlib.ticker import MaxNLocator

from mpl_toolkits.mplot3d import axes3d

from matplotlib import cm

from matplotlib.ticker import LinearLocator, FormatStrFormatter

step_plot = n//90
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i=0
#for 1 in range(n):
while z.max() <= d:

hc = z

p = A*B/(1-B*z)**2

p_h = 2*A*B**2/(1-B*z)**3
p_hh = 6*A*B**3/(1-B*z)**4

dhdx = np.gradient(hc , dx)
d2hdx2 = np.gradient(dhdx[0] , dx)

d3hdx2dy = np.gradient(d2hdx2[0] , dy)
d4hdx2dy2 = np.gradient(d3hdx2dy[0] , dy)

d3hdx3
d4hdx4

np.gradient(d2hdx2[0] , dx)
np.gradient (d3hdx3[0] , dx)

dhdy = np.gradient(hc , dy)
d2hdx2 = np.gradient(dhdx[0] , dx)

d3hdx2dy = np.gradient(d2hdx2[0] , dy)
d4hdx2dy2 = np.gradient(d3hdx2dy[0] , dy)

d3hdx3
d4hdx4

np.gradient(d2hdx2[0@] , dx)
np.gradient (d3hdx3[0] , dx)

dhdy = np.gradient(hc , dy)
d2hdy2 = np.gradient(dhdy[0] , dy)

d3hdy2dx = np.gradient(d2hdy2[0] , dx)
d4hdy2dx2 = np.gradient(d3hdy2dx[0] , dx)

d3hdy3
d4hdy4

np.gradient(d2hdy2[0] , dy)
np.gradient (d3hdy3[0] , dy)

dh = le4*dt/(3*eta)*(3*hc**2*dhdx[1]*(-gamma*(d3hdx3[1] + d3hdy2dx[1])-p_h*dhdx[1])+
hc**3*(-gamma* (d4hdx4[1] + d4hdy2dx2[1]) + p_hh - p_h * d2hdx2[1])+
3*hc**2*dhdy[1]*(-gamma* (d3hdy3[1] + d3hdx2dy[1])-p_h * dhdy[1])+
hc**3*(-gamma* (d4hdy4[1] + d4hdx2dy2[1]) + p_hh - p_h * d2hdy2[1]))
z = hc - dh

z[0:5,:] = z0[0:5, :]
z[-5:,:] = z0[-5:,:]
z[:,0:5] = z0[:,0:5]
z[:,-5:] = z0[:,-5:]
if i%1 == 0:

levels = MaxNLocator(nbins=15).tick_values(z.min(), z.max())

fig plt.figure(figsize=(9,9/1.618))

ax1 fig.add_subplot(111, projection="3d")

plt.title(i)

# Plot the surface.

surf = axl.plot_surface(x, y, z, cmap='nipy_spectral’,
linewidth=0, antialiased=False)

# Customize the z axis.
axl.set_zlim(o,d )
axl.set_xlim(-10*np.pi,10*np.pi)
axl.set_ylim(-10*np.pi,10*np.pi)

# Add a color bar which maps values to colors.
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fig.colorbar(surf, shrink=0.5, aspect=5)
axl.view_init(elev=45, azim=45)
plt.show()

i+ 1
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