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Abstract

Due to the complex and inherently stochastic nature of single-molecule science, experimental
measurements typically need to produce large datasets to be able to infer meaningful
conclusions regarding the properties of single molecules. Due to both the large volume of data
and the highly complex nature of single-molecule systems, experimental results are
notoriously difficult to analyse effectively by traditional means. Typically, statistical
techniques, such as hypothesis testing, are employed such that the average behaviour of
single molecules can be inferred. However, these approaches can be ill-suited to these
datasets as assumptions are made to allow for statistical inference. These assumptions can
result in limited predictive accuracies due to information loss that coincides with holding
potentially misleading prior expectations. As an alternative to statistical methods, the
techniques provided by the field of machine learning might be better suited to data analysis
of complex datasets as they can yield predictions that do not rely on the presence of

assumptions.

Therefore, this thesis explores the benefits of the application of machine learning algorithms
to the analysis of single-molecule datasets. To this end, scanning tunnelling spectroscopy
techniques were implemented to measure the electrical properties of single molecules and
acquire challenging datasets. From the desire to measure single molecules, a new current-
time technique workflow was developed whereby current-distance spectroscopy was used to
experimentally determine the tunnelling decay constant in analyte solutions. This tunnelling
decay constant was subsequently used to construct a calibration curve that relates any

measured tunnelling current to the corresponding tunnelling distance. It has been



demonstrated that this calibration allows for a tunnelling distance to be optimized for a given
molecules physical dimensions, and result in reliable detection of current-time binding events

when using an STM in constant-current mode.

Complementary to the development of a reliable current-time technique workflow, advances
were made regarding the detection of anomalies in current-time traces. The techniques tested
include a simple moving average, a zero-crossing rate detector, and a convolutional
autoencoder. It has been demonstrated that current-time events can be detected within a
trace with an area under receiver operating characteristic score of 0.97 at a signal-to-noise
ratio of only 0.1 when employing a moving average. Whilst exploring the optimisation of these
anomaly detection methods it was also discovered that the window size used for each
technique directly influences the width of baseline and event distributions as per the standard
error of means. As a result, anomaly detection at lower signal-to-noise ratios requires
sufficient temporal resolution such that larger window sizes can be implemented. Because of
this, it was summarised that effective detection of I(t) events requires high sampling

frequencies.

In previous studies, the current-time technique has been extensively applied to the detection
of DNA nucleotides for the trialling of a potential next generation sequencing technology. Here,
an additional limitation of this technique was revealed where different molecular species
produce current-time events of similar appearance. Indeed, the traditionally measured
properties of these events demonstrate considerable overlap which makes effective
classification not possible. However, it has been demonstrated here that a dataset that

possesses the same overlap limitation can be classified with an accuracy of 95%.



Implementations of convolutional neural networks and random forest classifiers have been

able to classify these complex datasets when traditional statistical means cannot.

As a side to the enhancements made with the current-time technique, machine learning
techniques have also been demonstrated to enhance the analysis within scanning tunnelling
microscopy break junction experiments through implementation of the dimensionality
reduction techniques principal component analysis, t-distributed stochastic neighbour
embedding, and uniform manifold approximation and projection. To ease the cleaning and
segmentation of experimental data, dimensionality reduction was used such that trends in the
overall shapes of traces could be visualised in low-dimensional space. It has been shown that
traces with similar shapes are located adjacent to one another in these embedded spaces
which facilitated the clustering of traces. To demonstrate the versatility of this method,
dimensionality reduction was also applied to a cyclic voltammetry dataset where the
differences in complex voltametric curves could be easily visualised and related to

experimental parameters.

Stemming from the development of a machine learning enhanced analysis process of break
junctions, a novel pseudo-rotaxane molecule has been characterised. From studying this
molecule, multiple molecular conductance values of -1.25, -1.96, and -3.08 log(G/Go) have
been observed. All of these values are far higher than one would expect given the molecules
length and lack of conjugation. This highlights rotaxane-like molecules, in general, as
potentially highly conductive molecular wires. However, whilst this molecule was shown to
possess high conductivity, it also possessed a large variety of plateau break-off distances

which is believed to result from strong sulphur-gold interactions. To address these



displacement variations a novel alignment procedure was developed. Here, change-point
detection strategies from the field of anomaly detection were implemented such that the

displacement at which molecular plateaus start could be found on a trace-by-trace basis.

Overall, the implementation of machine learning techniques has been shown to improve the
analysis processes of single-molecule scanning tunnelling microscopy techniques, such that
the previously challenging classification of current-time events has been achieved with
relative ease. Additionally, machine learning has enhanced the characterisation of single

molecules for nanoscale electronics such that promising molecules have been highlighted.
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the Folin-Ciocalteu index and Polyphenol Index of wines based on their CV appearance. Both indices
are used to quantify the quality and flavour of WInes. ........ccueiieiiiii e 22
Figure 2.1 Schematical representation of a particle in a 1D box with non-infinite potential regions. With
a finite potential there is a non-zero value for the wavefunction in the classically forbidden regions. 35
Figure 2.2 Schematical representation of tunnelling though a 1D potential barrier. Allowed solutions
for the wavefunction in each region are shown along with the direction of the particle’s momentum.

Figure 2.3 Schematic representation of tunnelling involving a molecular bridge. (a) shows the two
electron transfer steps from the source electrode with the chemical potential us to the molecular
energy level, &, and then from the molecular energy level to the drain electrode with chemical potential
ud. The coupling that coincides with electron transfer leads to the broadening of the molecular energy
level, €, whose energy distribution is Shown in (b). ......cocceiiiiieiie e 42
Figure 2.4 Outline of the construction of an STM. The diagram shows a simplified summary of the
points of connection between the sample and the controlling computer. In addition, a setup of
amplifiers is shown to summarise how the measured signal is communicated and implemented in the
{{<TTe | o F= Lol SO VA <] o USSP 46
Figure 2.5 Demonstration of classifying an unknown point (green) using the KNN algorithm. Here a k-
value of six is shown which would result in the point being classified as belonging to the left (blue) class.

............................................................................................................................................................... 51
Figure 2.6 Demonstration of decision boundaries within a training dataset, (a), along with the
corresponding decision tree structure that would facilitate those boundaries, (b). ....c.cccceecvveeeennneeen. 53

Figure 2.7 Demonstration of the decision boundary, (red), that would be found by applying SVM to the
example training set. This boundary would be found using the two parallel support vectors which reside

0N the dotted MArgin lINES. .......ooc it e e e et e e e ete e e e e aae e e e e asae e e s nsreeeeanseaeens 55
Figure 2.8 Comparison of pairwise Euclidean distances in different dimensional bases. The pairwise
distances are shown for dimensionalities 2 (blue), 100 (orange), and 500 (green).........ccccecvveeeeeurnnnnn. 60

Figure 2.9 Demonstration of the result of applying k-means clustering with two cluster centroids on an
example dataset. The centroids ultimately converge to local centres of mass. The above example also
presents a case where the incorrect k-value was selected as the yellow cluster could be further divides
iNtO tWO Separate POPUIGLIONS. ....uiii i e et e e e s bte e e e sbreeessntaeeeeans 69
Figure 2.10 Schematical representation of the computational flow within a perceptron. The input
vector, xi, is scaled by the weight vector, wi, before being summed along with a bias, b. The result is
then passed through a step function to yield the outpULt. ......cceviiieiiii i, 72
Figure 2.11 Architecture of a typical FFNN. Each element of the input vector, (green), is passed to each
neurone in the hidden layers, (blue). The outputs of each layer are passed to each unit of the following
layer in a fully connected manner. The final, output vector, (red), is returned by the algorithm......... 73
Figure 2.12 Architecture of an example AE. The flow of values is identical to a FFNN with a fully
connected system of computational neurones. The central hidden layer functions as a secondary
output o allow fOr NON-IINEAT DR. ...ccceiiiiecceee e et e e et e e e e aa e e e e asreeeeensraeen 80
Figure 2.13 Demonstrations of the convolution, (a), and pooling, (b), algorithms. The overall
architecture of an example CNN is also shown, (c), where two blocks of convolution, (purple), and
pooling, (cyan), feed into a fully connected FFNN. ........oooiiiii ittt e e e e areee e 82
Figure 3.1 Plot showing the relation between the STMs setpoint and the measured noise amplitude.
Here the four separate measurements are shown. Overall, the trend shows an increase in noise as the
LY=L d o Lo oLl E T ol L= 1Y =T o USRS 90
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Figure 3.2 Plot showing the relation between the applied bias and the measured noise amplitude. Here
four separate measurements are shown. Initially, there appears to be no correlation between applied
bias and noise. However, two of the repeats had severe occurrences of high noise that meant the
experiment could not continue. This warranted further exploration into the effect of the applied bias
on noise using electrochemical teChNIQUES. .....ccccuviiiieciiie e e e e e 92
Figure 3.3 CVs of both the tip (a) and substrate (b) electrodes measured in a phosphate buffer medium
vs a Pt/Ir quasi-reference electrode. Here it can be seen that at certain potentials faradaic processes
occur which generate electrical current and interfere with I(t) measurements. For instance, the
oxidation of the tip and substrate occurs at potentials above 500MV.........cccceirviiiieiiiieeeniiieee e 93
Figure 3.4 Plot of five example decay curves sampled using I(s) spectroscopy. Distance axes were limited
to a maximum of 1nm. These are shown on both a linear (a) and logarithmic (b) scale. Additionally, an
example linear fit is shown on the logarithmic plot from which decay constants are extracted. ........ 96
Figure 3.5 Histogram of measured values for the decay constant, 3, pooled from the three experiments.
A Gaussian fit is applied as shown (red), to extract an average and standard deviation...................... 97
Figure 3.6 A 3-dimensional model of rAMP produced using the software Jmol. The distance between
the most separated anchor points is measured and SNOWN. ........ccccoeiiieiiii e e 98
Figure 3.7 Example events (red) detected at a setpoint of 0.1nA and 0.1V applied bias. (a) shows events
that are considered to be true positives events, whereas (b) shows events that are considered to be
false positives. Shown events are seen to be comparable in height.........ccccoecviiiiiiiiiniieees 100
Figure 3.8 I(t) technique results for detecting rAMP at various setpoints. Results are arranged in
columns showing event duration vs height scatter plots (left), event duration distributions (middle),
and event height distributions (right). Each row is labelled (a-e) which correspond to the setpoints: 0.01,
0.10, 1.00, 2.00, and 3.00nA, respectively. Five statistical repeats are shown for each setpoint, such that
the repeats 1-5 correspond to the colours blue, orange, green, red, and purple, respectively. ........ 102
Figure 3.9 Comparison of event frequencies at different setpoints with error bars corresponding to
95% confidence intervals. Frequencies are calculated as the number of events extracted divided by the
total time sampled in seconds. It can be seen that setpoint has little effect on the event frequency with

Figure 3.10 Example section of a simulated blank trace. Four steps in the construction process are
demonstrated. (a) shows the initial Gaussian noise, whereas (b) shows the generated sinusoid with
amplitude and frequency modulation. These are combined to generate what is shown in (c). Lastly,
noise events are incorporated to yield the final blank trace shown in (d).....ccccccceeeeiiiiieeiiieeeecnnenn. 106
Figure 3.11 Traditional analysis results of simulated events. Both the central scatter plot of the event
durations vs event heights and the marginal histograms show that the event properties have
considerable overlap. This shows that the simulation offers a difficult classification task................. 108
Figure 3.12 Confusion matrices for each of the tested ML classifiers. The most successful agents were
found to be the CNN and RFC @gENTS. ....ccuiiiiieiiiee ettt e e ettt e ettt e e e ett e e e e etteeeesbeeeeeeaseeeeessneaeanes 110
Figure 3.13 Example sinusoid construction for background noise. (a) and (b) show the frequency and
amplitude modulation traces that are used to generate the sinusoid shown in (c)......cccccceeuvveeennen. 119
Figure 3.14 Summary of neural network classifiers. (a) and (d) show the network architectures of the
FFNN and CNN respectively. These show the used activation functions and the output dimensionality
for each layer. (b) and (e) show the SCC validation loss at each epoch during training for the FFNN and
CNN respectively. (c) and (f) show the SCC training loss at each epoch during training for the FFNN and
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Figure 4.1 Figure showing a comparison of example events produced by the simulation, (a), as well as
a comparison of the distributions of current values within events and the background, (b). Here the
background is shown (blue) as well as two events with different SNRs of 2 (orange), and 5 (green). 126
Figure 4.2 Example amplitude thresholding predictions (red) overlayed over a section of simulated
trace (blue). Each graph shows an example snippet of trace with a true event situated at the centre. (a)
and (c) show the same event with an SNR of 5, whereas (b) and (d) show the same event with an SNR
of 2. (a) and (b) show predicted anomalies when using a 1 std threshold, whereas (c) and (d) show
predicted anomalies when using a 4 std threshold. ... 128
Figure 4.3 Summary of the TPR, (a), and FPR, (b), when labelling anomalies at each combination of
detection threshold and event SNR. ........ooo i e e ree e e ree e e e nrae e s enees 129
Figure 4.4 Anomaly detection results via the amplitude thresholding method. Shown are the ROC
curves for each SNR, (a), and the corresponding AUC scores, (D)......ccceecveevieeecieeciieecee e 131
Figure 4.5 Distribution of ZCR values when performing background analysis using a window size of 100
and a step size of 10. The resultant distribution is Gaussian with a mean and standard deviation of 0.50
AN 0.05, rESPECHIVEIY. . .vviiiieiiie e e e e st e e e st e e e e s rae e e e b ee e e enraeeeearees 133
Figure 4.6 Distribution of ZCR values calculated from event traces with an SNR of 2. ZCRs were
calculated with a window size of 100 and a step size of 10. The distribution of values below 0.2 are a

result of anomalies that were not present in the background trace. ........ccccceeveiveeeiiieiecccieee e, 135
Figure 4.7 Anomaly detection results via the ZCR method. Shown are the ROC curves for each SNR, (a),
and the corresponding AUC SCOIES, (D). ..uiiiuieiiiieeciiieeieeeitieesieeesteeeste e e rtee e ste e s teeesareesteessaeeebeeesaes 136

Figure 4.8 Distribution of MAE values when performing background analysis using a window size of
100 and a step size of 10. The resultant distribution is positively skewed. However, a Gaussian fit is

applied with a mean of 0.10 and standard deviation of 0.01. .........ccoeeciiiieiiiiee e 138
Figure 4.9 Anomaly detection results via the convolutional AE method. Shown are the ROC curves for
each SNR, (a), and the corresponding AUC Scores, (D)......ccveiiieiiiiiiieeciie e 140

Figure 4.10 Distribution of average current values when performing background analysis using a
window size of 100 and a step size of 10. The resultant distribution is Gaussian with a mean of 0.00 and

standard deviation OF 0.10. .....c.cioiiiiiiiiieeee et ettt s e st e bt st e e sbeeesabeesares 141
Figure 4.11 Anomaly detection results via the moving average method. Shown are the ROC curves for
each SNR, (a), and the corresponding AUC Scores, (D)......ccveiieeiiiiiiiee et 142

Figure 4.12 Comparison of the effect of different step sizes on the AUC performance. The effect is
shown for each detection method: ZCR (orange), convolutional AE (green), and moving average (blue).
In addition, this comparison is shown for four different event SNRs. These are the SNRs of 0.10, 0.25,
0.50, and 1.00 for (@)-(d), reSPECTEIVEIY. ....eeeieerieie ettt ettt e e etee e e e tr e e e e earee e e eaeeas 144
Figure 4.13 Comparison of the effect of different window sizes on the AUC performance. The effect is
shown for each detection method: ZCR (orange), convolutional AE (green), and moving average (blue).
In addition, this comparison is shown for four different event SNRs. These are the SNRs of 0.10, 0.25,
0.50, and 1.00 for (a)-(d), reSPECEIVEIY. ......eeereeeieiecree ettt e eeeans 145
Figure 4.14 Demonstration of the effect of standard error of means with the moving average technique.
The distribution of background values (blue) is compared to the corresponding distribution of means
with a Window size 0f 100 (OFaNEE). ...eeeivieeiiieeieeectee ettt et e e rtee e ste e e ebeeesbeeseteeesabeeeabeeesareesanes 147
Figure 4.15 Anomaly detection results of the ZCR, (a), convolutional AE, (b), and moving average, (c),
techniques when using their optimum ParamMELers. ......cccveiiieciiie e 149
Figure 4.16 Anomaly detection results of the ZCR, (a), convolutional AE, (b), and moving average, (c),
techniques when using their optimum parameters on the detection of short events....................... 150
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Figure 4.17 Experimental trace sampled from the translocation of DNA. The electrical current was

measured at a frequency of 10MHz over the span of 10 SECONS.........cceecvieeeriiiieeeeiieee e 152
Figure 4.18 Distributions of average current values when performing background analysis using
window sizes of 1000, (a), 500, (b), and 100, (c) on the experimental data trace..........ccccecuvverurennee. 153

Figure 4.19 Scatter plot of event heights vs durations for events found using the moving average
technique on experimental data. Results are shown for each of the three trialled window sizes: 100,
(blue), 500, (orange), and 1000 (BrEEN). ..ccueeecueeeereeeieeeeieeeteerteessteeeseeesreeeseeessseeasseeessseesseeesssenns 154
Figure 5.1 Chemical structures and length comparison of molecules 1 and 2. The distance between the
anchoring groups within each molecule are modelled to be 2.01nm and 0.72nm for molecules 1 and 2,
ST 1< n V7] Y SRR 162
Figure 5.2 Histogram analysis of molecule 1 using uncleaned data. (a) shows a 2D histogram of
conductance vs displacement, (b) shows the 1D conductance histogram, and (c) shows a histogram of
trace plateau lengths. A total of 1529 traces were sampled........ccccvveeeeiiiei e 163
Figure 5.3 Histogram analysis of molecule 1 using filtered data. (a) shows a 2D histogram of
conductance vs displacement, (b) shows the 1D conductance histogram, and (c) shows a histogram of
trace plateau lengths. After this filtering, 946 traces remMain. ........ccccveeeecieeeeecieeeecciee e e e eceeee s 164
Figure 5.4 2-dimensional embeddings of molecule 1’s uncleaned BJ data. Embeddings were produced
using PCA, (a), t-SNE, (b), and UMAP, (c). Points are separated into ten clusters using the k-means
clustering algorithm and are coloured accordingly. .........oeeecieieiciieee e e e 165
Figure 5.5 Results of data cleaning using UMAP embeddings for molecule 1. (a) shows the embedded
data space where the 368 highlighted points (yellow) were taken as clean traces. The histogram analysis
of these clean traces is SHOWN iN (D). ..ueiiiiiriiiiiiiiecccie e eare e e enrees 166
Figure 5.6 2-dimensional embeddings of molecule 1’s filtered BJ data. Embeddings were produced
using PCA, (a), t-SNE, (b), and UMAP, (c). Points are separated into ten clusters using the k-means
clustering algorithm and are coloured accordingly. .........eeeeeiiiiiiiieee e 167
Figure 5.7 Results of data cleaning using PCA embeddings on prefiltered data for molecule 1. (a) shows
the embedded data space where the 269 highlighted points (yellow) were taken as clean traces. The
histogram analysis of these clean traces is Shown in (D-d). ......cccceeeeiiiiiiiiiie e 168
Figure 5.8 Conductance and plateau length distributions for molecules 1 and 2. Molecule 1 was
measured to have a conductance of -3.28+0.72 log(G/Go), (a), and a plateau length of 2.30+£0.68nm,
(b). In comparison, molecule 2 has two conductance bands at -2.93+0.42 and -3.64+0.28 log(G/Go), (c),
and a plateau length of 0.8720.12NM, (A)..cccuriiiiiiiieeeiiee et e e e e ree e e e are e e e enreee e eneeas 169
Figure 5.9 2-dimensional embeddings of molecule 2’s clean conductance data. Shown are embeddings
produced when applying PCA, (a), t-SNE(b), and UMAP, (C). ...ccccuurreeiiiieeeeieee ettt 171
Figure 5.10 Cluster analysis of the t-SNE embedding of molecule 2’s BJ data. (a) shows how the
embedding was split into subclusters for the comparison of average trace shape, (b)......c.ccccuveenee.e. 172
Figure 5.11 2-dimensional embeddings of molecule 2’s clean conductance data after alignment and
ROI focussing. Shown are embeddings produced when applying PCA, (a), t-SNE(b), and UMAP, (c). 173
Figure 5.12 Cluster analysis of the PCA embedding of molecule 2’s BJ data after alignment and ROI
focussing. (a) shows how the embedding was split into subclusters for the comparison of average trace
L g F= T o) IS USRS 175
Figure 5.13 Chemical structure of pseudo-rotaxane molecule 3. (a) shows the interlocked structure of
the molecules axle, (b), and the macrocycle, (c). The distance between each anchoring sulphur group
was measured to be 2.93NM, (D). cooveiiiiiii e e e 177
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1.1. Single-Molecule Science
Single-Molecule (SM) science is a field of study that involves the isolation and measurement
of the properties of individual molecules.! The ability to capture and measure individual
molecules has many applications. For instance, measurement of molecular properties within
an ensemble would provide an insight into the types of molecules present. Being able to
distinguish the molecules present in a system would make improvements within a biosensing
setting where the detection of certain markers would allow effective diagnosis and better
insights into the function of biological systems.? Another example of SM applications is in the
field of nanoelectronics.® Here, the ability to measure the electrical properties of specially
designed molecules is invaluable. Accurate characterisation of conductive molecules would
aid in the development of novel electrical components with smaller component sizes.
Ultimately, this would allow for the development of more powerful electrical devices as
reducing the size of components in electrical circuits will result in more compact modules that
will allow for such devices to possess more processing power and storage than previous. For
instance, the size of transistors has reduced considerably which has allowed for the
incorporation of more transistors within an individual device.*> Given the ever-decreasing size
of these electronic components, researchers now aim to investigate the use of individual

molecules as SM electrical components.

However, due to the small size of single molecules, their behaviour cannot be measured with
high degrees of certainty. As single molecules are small, their behaviour is greatly influenced
by multiple factors. These include aspects such as temperature, pressure, electromagnetic
fields, and molecular collisions meaning that unbound molecules are constantly in motion.®

When capturing these molecules, this means it is difficult to predict their orientation, and how



effectively molecules have been captured. There is also no way to pre-emptively know
whether a captured molecule is the desired subject or an unwanted contaminant. This, while
less likely, can still occur when studying the purest of environments. In addition to these
environmental factors there is also uncertainty caused by the measuring equipment. Due to
the small nature of single molecules, the measuring equipment needs to be highly sensitive
with large sampling resolutions. Because of this sensitivity more care is required with regards
to equipment operation and calibration as even the slightest deviations in equipment
parameters can cause substantial error in measurement.”® Lastly, there is also natural
variation in molecular properties depending on the property being measured, with this
intrinsic uncertainty stemming from the rules of quantum physics. Because of these
environmental, instrumental, and intrinsic factors, SM experiments require a large number of
repeat measurements to analyse molecular properties more reliably. As such, this field can
generate very large amounts of data.’ This comes with its own challenges as effective
treatment of large datasets is then required. These challenges are showcased within the

following example techniques.

1.1.1. Scanning Tunnelling Microscopy
One of the more common techniques used within SM science is Scanning Tunnelling
Microscopy (STM). In 1983, Binnig and Rohrer first devised the STM as an instrument that can
measure tunnelling currents across a nanoscale gap. Conventionally, an STM is used to image
conductive surfaces with nanoscale spatial resolution using these tunnelling currents. To do
this, STM translates the quantum tunnelling current of electrons into topographical changes
in a conductive surface.!®!! For more details on how STMs function, and the quantum

tunnelling effects involved, the interested reader is referred to Section 2.1. However, in SM



science STM can additionally be used to produce non-image data that results from direct

measurement of molecular properties via implementation of the following techniques.

Current-Distance Spectroscopy

One such example is the current-distance (I(s)) spectroscopy technique. Here, I(s) techniques
are employed to both trap and measure single molecules for the purpose of electrical
characterisation. Overall, these techniques have been used as an effective test bed for
analysing the electrical properties of single molecules.*?7” Within this field, investigations into
molecular behaviour have explored potential use as wires'®?°, diodes?®?’, and even

transistors?8.

I(s) techniques were first introduced in 2003 by Xu and Tao as a method for measuring the
conductance behaviour of individual molecules.?® These techniques work by temporarily
disabling the active lateral movement of the STM tip such that the z-piezo actuator is solely
controlled. Using only movement in the Z axis, an STM probe is repeatedly approached and
withdrawn from a conductive sample. During this process, the tunnelling current is sampled
at a user-defined frequency to yield withdrawal traces as shown in Figure 1.1. In general,
traces start at a user-defined setpoint followed by an exponential decay of current to a noise
level. The starting point and any deviations from exponential decay within the trace depend
on the nature of the I(s) experiment. Within the original study, the authors were able to
present results for the conductance of 4,4’-bipyridine as well as for various alkanedithiols. In
addition, they measured the conductance of a single tunnelling channel consisting of a single
gold atom contact. Both of these results agreed with theoretical calculations of molecular

resistances and decay constants that were available at the time.3%31
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Figure 1.1

An example BJ trace of 4,4’-bipyridine measured between gold substrate and tip. (a) shows one I(s)
curve that contains notable features at log(G/G0) values of 0, and between -2.5 and -4. These
correspond to gold-gold contact, and a molecular plateau, respectively. (b) shows the physical setup
within the STM that results in the curve features. Shown is the gold-gold contact (top), the molecular

bridge(middle), and the break after the molecular plateau (bottom).

There are two main subsets of the I(s) technique. These are the STM break junction (STM-BJ)
and the “soft-contact” I(s) techniques.?* Both techniques function identically apart from
having different starting setpoints. For STM-BJs the initial setpoint is set such that the tip and
substrate are placed into physical contact. At the start of a withdrawal trace, this physical
contact is represented by several conductance plateaus, which correspond to tip-substrate
atomic connections. This behaviour can be seen in Figure 1.1a where a plateau manifests at 0

log(G/Go), which arises from the formation of a single-atom junction bridging the STM tip and



substrate. The elongated nature of this plateau results from the rearrangement of surface
atoms as the junction is pulled. The junction ultimately breaks once the tip has withdrawn
sufficiently, which is measured as a sharp conductance decrease back to the exponential decay
regime. The end of the Gp plateau can be used as a point of reference for electrode separation

distance, as this plateau occurs when the electrode separation is functionally zero.

In the case of “soft contact” I(s) spectroscopy, physical contact between electrodes is normally
not reached thus removing the corresponding plateau features. This comes at the cost of
losing the distance reference point but can reduce damage to the STM tip and substrate, as
physical contact often results in destructive changes to metallic surfaces. Overall, this can help

reduce variations in trace measurements as the involved surfaces are more preserved.?*

For both techniques, the remainder of the withdrawal traces are similar. If a molecule of
interest were to be adsorbed onto the substrate, this could lead to additional plateau features
within traces such as the plateau shown in Figure 1.1a between -2.5 and -4 log(G/Go). This
occurs due to the formation of more junctions. In this instance, the junction is formed due to
the adsorbed molecule of interest establishing a bridge between conductive surfaces. The
conductance and length of these plateaus depend on the electronic and physical composition

of the analyte molecule, respectively.®

After measurement, the many withdrawal repeats are subsequently analysed. In general,
there are two molecular properties that are typically extracted from these results. These are
the molecular conductance and the plateau break-off distance. To acquire the molecular
conductance, the conductance values measured during the molecular plateaus require

extraction. However, the extraction of these values is not a trivial task as the starting point



and length of plateaus are not identical between traces.?® Indeed, locating and extracting
molecular plateaus on a trace-by-trace basis would be difficult to automate due to the
variations between repeat traces, and manual extraction would not be appropriate due to the
large number of traces within I(s) datasets. In fact, it shouldn’t be assumed that the molecular
plateaus are present in all of the measured traces. In extreme cases where there are
contaminants or large instrumental error, measured traces may contain artefacts that prevent
or hide the presence of the desired molecular conductance plateau. In extreme cases such as

these, data cleaning and selection may be required, (Section 5.2.2).

To reliably produce a meaningful measurement of the molecular conductance from the varied
positions of molecular plateaus, the conductance values of entire traces are presented in a
histogram to better visualise the conductance distributions. The more consistent features
within the break junction (BJ) traces will cause peaks within these histograms. With enough
plateau measurements, an overall distribution of conductance values will be produced such
that the average molecular conductance can be determined despite the deviations caused by
error and intrinsic variations (Figure 1.2).32 In addition, the degree of variation can also be

determined by studying the width of histogram peaks.

The second property, the break-off distance, corresponds to the length of the measured
molecule for the molecule’s orientation at the moment of measurement. This value, therefore,
provides insight into the binding of the molecule within junctions. To determine the break-off
distance, a distance reference point is required. Here, the distance is zeroed to the substrate-
tip contact distance which coincides with the rupture of a conductance plateau measured at

a value equal to Go. After this, the break-off distance is measured as the distance at which the
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Figure 1.2

Example BJs acquired by sampling 4,4’bipyridine in different mediums adapted from the works of Yu et al.??
(a) shows four example BJ traces. (b) shows how many individual traces are conventionally combined into
conductance histograms. These histograms show peaks that coincide with the presence of molecular

plateaus.

conductance falls below a certain value. This value is chosen such that it is lower than the
expected molecular conductance, and larger than the noise floor of the exponential decay.
Like with the conductance measurements, there are contributing factors that cause
uncertainty in the break-off distance. For instance, the break-off distance is influenced by the
molecular configuration within the junction and is also affected by the rearrangement of
atoms at the conductive surfaces.3® There are also cases where the break-off conductance
threshold is not reached or is reached at distances much shorter than expected due to poor
molecular binding. In these cases, data cleaning and thresholding may also be required.
Ultimately, the same histogram analysis is generally employed to yield the average break-off

distance, and thus the most probable junction length.



This method of analysis, whilst effective at demonstrating the conductance and break-off
characteristics of repeated BJ measurements, does have limitations. For instance, consider the
case where a bimodal distribution of molecular conductance is presented (Figure 1.3). Here
two different values for molecular conductance can be seen. However, this visualisation
through histograms does not immediately provide insight into how these two features
manifest. The presence of these two peaks can be due to either all traces containing two
molecular plateaus (Figure 1.3b) or due to two different populations of Bls that have different
molecular conductance (Figure 1.3c). The former case potentially resulting from a chain of two

molecules®*3 or from a change of molecular orientation during a pull®, and the latter case
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Figure 1.3
Demonstration of the different cases that would produce the conductance distribution presented in (a). (b)
shows the case of all traces containing two molecular plateaus, whereas (c) shows the case of two different

molecular plateaus that are present in separate traces.



resulting from two distinct molecular species or binding orientations. To determine which case
applies, additional thresholds would need to be implemented where traces that contain a high
number of data points within a range of conductance values selected from a chosen
distribution peak are extracted. This analysis would be difficult, as it would require manually
determining the thresholds for this extraction based on the histogram peak of interest.
Likewise, the previous case of applying thresholds to remove erroneous traces is also manual
as these thresholds are also decided by the analyst. This manual process of user-defined
thresholds for selecting groups of interest is not desirable. Instead, an automated process that
can reduce the user interpretation and prior assumptions that comes with manual processes

would be more suitable.

From the desire to develop this analysis process, works have been turning to machine learning
(ML) for a more powerful toolset. For instance, in 2016 a study by Lemmer et al. demonstrated
a novel dimensionality reduction (DR) technique designed to study the presence of
subpopulations within datasets of BJ traces.3” Here, entire BJ traces were considered as
vectors such that the differences between them could be quantified and plotted as a lower-
dimensional representation. This method, known as multiparameter vector-based
classification (MPVC), was able to reveal clusters within simulated and experimental BJ data
that were previously hidden in the statistical histogram visualisation method. All of which was
achieved whilst making no prior assumptions as to the appearances of traces features (Figure
1.4). Following this work, additional studies explored other DR techniques for the purpose of
BJ analysis. This included investigations into the use of principal component analysis (PCA) for
the purpose of DR, and has more recently been explored using deep learning (DL)

autoencoders (AEs) (Figure 1.5).3° In particular, a recent work by Vladyka et al. investigated
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Figure 1.4

Demonstration of the DR of BJs using MPVC adapted from the works of Lemmer et al.¥’ (a) shows simulated

BJs as well as the reference vector (pink). (b) shows the DR embeddings relative to the reference vector using

MPVC. The BJs that are most similar are closer within this space.

the potential of transfer learning (TL) and AEs on the DR of experimental BJ traces.*° Here BJ
traces were converted into RGB images such that the entire shape of traces was able to be
preserved in the subsequent ML analysis. It was found that BJ traces sampled from separate
molecules manifested in different overlapping clusters within 2D representations.
Complementary to this finding it was also seen that two distinct subpopulations of BJ
behaviour for one molecule were seen within the 2D embedding. These two subpopulations
corresponded to one population of BJs with a single region of conductance density, and
another population of BJs with two regions of conductance density. By utilising ML techniques,
this analysis procedure was able to find subpopulations within BJ data whilst considering all
variables of the I(s) behaviour of traces. From this analysis the nature of different clusters was

compared in an attempt to reveal a physical meaning for the split. It was found that the
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Figure 1.5

Demonstration of the DR of BJs using an AE adapted from the works of Huang et al.* (a) shows a schematical
diagram of an AE showing which neurone outputs are taken as the reduced dimensional embedding. (b)
shows examples from the four different simulated BJ classes. (c) shows the three dimensional embeddings

of the simulated BJs generated using this AE method.

different clusters manifested as traces with different decay rates. This difference was
speculated to result from reorganisation of the BJ surfaces or the molecule such that a
shallower descent occurred. These behaviours would not have been previously visualised

without the manual interpretation and assumptions that come with histogram analysis.

Current-Time Spectroscopy

Following on from I(s) techniques, the next SM capture technique is the current-time (I(t))
technique. The technique was first developed in 2004 by Haiss et al. and involved maintaining
the tip-substrate separation at a constant distance.*! Therefore, the STM servos are only used
to maintain vertical position during this technique. In more stable systems where there is no
drift in the z-direction, the servos are turned off entirely such that the microscopes feedback
system does not interfere with formed junctions. To carry out this technique, the STM tip is

kept at a user-defined setpoint current from the substrate surface. For the variation of the I(t)

12
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Figure 1.6

Example I(t) events of ribose adenosine monophosphate (rAMP) in an electrochemical STM (ECSTM). (a)
shows a diagrammatic representation of the junction formation process during a current modulation event.
Namely before (left), during (middle), and after (right) a pulse. (b) shows a snippet of an I(t) trace that

contains multiple square wave events that are all similar in appearance to the largest peak at 26.335s.

technique used in the context of this thesis, a solution containing the molecule of study is
present in the environment. This forms the basis of this technique where the analyte
molecules can spontaneously diffuse into the tip-substrate gap and cause momentary boosts
to the tunnelling current. Throughout this process the tunnelling current is measured as a
function of time, which leads to the features demonstrated in Figure 1.6. As a molecule enters
the gap, the current increases in accordance with the conductance of the molecular junction.
Eventually, the molecule will leave the gap causing the current to drop back down to the

baseline value.
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Figure 1.7
Conductance values for the four nucleotide bases taken from the works of Lagerqvist et al.*® The four
distributions show considerable overlap which demonstrates the difficulties of classifying these molecules

based on their electronic properties.

Extensive research has been carried out using the I(t) technique to explore its viability as a
potential next-generation DNA sequencing technique.*”™ Initial research attempted to
capture and measure nucleotides using the previously developed I(s) technique® but later
also implemented the I(t) method. Whilst successful in measuring nucleotide events, the
research encountered difficulties when trying to distinguish different nucleotides based on
the I(t) events. The typical analysis for I(t) data was carried out in a similar manner to the I(s)
technique with histograms and fitting distributions predominating. However, it was found that

the conductance values of the four different bases had distributions that overlapped
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considerably (Figure 1.7).° In an effort to improve on the concept of using tunnelling current
to sequence DNA molecules, research varied to explore different approaches that could
improve differentiation of I(t) events. One approach focussed on controlling the flow of DNA
molecules through the tunnelling junction by embedding a tunnelling junction within a
nanofluidic channel,*°°>2 whereas another alteration aimed to improve the separability of

conductance distributions by incorporating “molecular readers”.

The second of these mentioned experimental variations is known as recognition tunnelling.
This technique, in its first form, was introduced in 2005 by Ohshiro and Umezawa.>3 Here an
STM tip was functionalised with nucleotide analogues containing thiol moieties. When
imaging with a functionalised tip, the positions where the tip is situated above the
complementary nucleotide showed increased tunnelling currents compared to other locations.
Subsequent advancements of this concept then incorporated capture molecules with the STM
I(t) technique to give the current form of recognition tunnelling.*>44>*=6 There has even been
work carried out to attempt to design a “universal” capture molecule that could cause I(t)
event magnitudes to appear at varying levels for each of the four nucleotides.>” The latest
research with recognition tunnelling and nucleotide classification showed that despite
incorporating capture probes the conductance and duration distributions of I(t) events still
overlap considerably.*® In addition to this, the incorporation of functionalising molecules to
the STM electrodes can result in current behaviour characteristic of telegraph noise.>® It has
been speculated that this telegraph noise, results from spontaneous bond forming and
breaking within the functionalised junction. Whilst, the presence of telegraph noise was
theorised to be a good indicator of molecular binding, it also increases the complexity of the

system making analysis more challenging.>®
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Due to the aforementioned difficulties within the experimentation of the I(t) technique for
nucleotide classification, research has begun turning toward ML as a potential solution. The
latest work from Im et al. implemented a support vector machine (SVM) alongside recognition
tunnelling, which was able to classify nucleotide events with an average accuracy of around
85%.%¢ The ability of the SVM to achieve this accuracy despite the considerable overlap of the
events height and duration is a promising sign and a good case study proving the value that

ML has to offer. More details on SVMs are outlined in Section 2.2.1.2.

1.1.2. Resistive Pulse Sensing
Resistive Pulse Sensing (RPS) is another technique that is being employed for the classification
of DNA nucleotides.?%1 A subset of RPS is the general nanopore-based sensing techniques
that are being employed within SM science. The technique involves two reservoirs of an
ionically conducting solution that are separated by a membrane with a nanoscale opening
between them.®? This membrane can be either biological with a biological pore such as a

channel protein,3-66

or a solid-state membrane made out of inorganic materials with a
nanoscopic hole.®’~7* Within each reservoir, electrodes are immersed to drive electrophoretic
movement based on user-defined potential differences. The ionic solution will contain
molecules of study such that, once a potential difference is applied, the molecules will
translocate towards the electrode of opposite charge. The translocation of each analyte
molecule will occupy space within the separating nanopore. Due to this there can be a
resultant drop in the flow of ionic charges. This leads to a drop in the electrical current running
through the electrochemical cell which is measured as a resistive current event.®? The

appearance of a typical resistive event is shown in Figure 1.8. Immediately, the similarities

between the data acquired with this technique and the aforementioned STM I(t) technique
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become apparent. Events produced by each technique manifest as pseudo square wave pulses
with duration and magnitude. The differences between techniques being the direction of the

pulses and the finer data features that arise from the different physical systems.

This technique has seen successful commercial application in real-time DNA sequencing
technologies where RPS events have been measured and analysed to classify DNA nucleotides
in a sequence. The company, Oxford Nanopore Technologies, utilises many “flow cells” in
parallel to measure blockage currents as entire DNA strands are translocated.’?> To analyse
events, Oxford Nanopore Technologies employs recurrent neural networks (RNNs) to

translate a sequence of current events into a sequence of DNA bases.”® The use of this ML
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Figure 1.8
Example event sampled during a nanopore translocation experiment. When a potential difference is
applied, molecules can translocate through the nanopore and momentarily block the passage of ionic

conductors (right). This resistive event manifests as a drop in the measured eletrical current (left).
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technique has allowed for nucleotide calling accuracies of greater than 99%.7% The
incorporation of modern ML strategies has provided a high predictive accuracy that has

improved data analysis in this field.

1.2. Electrochemistry
Previously it was shown that the solutions to data challenges present in SM science could be
improved by using techniques provided by the field of ML. Whilst the application of ML in SM
science clearly shows potential, it is not clear how the application to other chemical disciplines
would perform. For instance, there are many examples within the electrochemical field where
ML would be applicable, and in fact, ML is already being implemented in various cyclic
voltametric studies. This is of particular interest in the context of electronic characterisation
of single molecules as the various phenomena that arise due to the application of voltages
between conductive surfaces greatly impacts the signal measured during STM experiments.

This relationship is demonstrated in Section 3.2.1.

1.2.1. Cyclic Voltammetry
Cyclic Voltammetry (CV) is an electrochemical technique used to study the redox behaviour of
different materials and molecules. In general, a potential difference is swept between
electrodes such that the potential of a material of interest is also swept.”>’® The rate at which
this sweep changes the potential difference is set by the operator and is an important
parameter that determines the appearance of resultant traces.’’ During the potential sweep
the current passing through the circuit is measured. An example of the general shape of CVs

is shown in Figure 1.9, which is famously compared to the profile of a duck.
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The main features of a CV consist of an anodic (positive) sweep followed by a cathodic
(negative) sweep of potential, or vice versa depending on the sweep direction. On the anodic
sweep a peak will form at a potential where the working electrode would be oxidised. Then
on the cathodic sweep a second peak will appear at the potential where the oxidised working
electrode reduces back to the non-oxidised form. CVs can contain additional features based
on any adsorbed surface molecules or if gases begin to evolve which helps chemists to study

surface reactions.’®

Analysis of CVs can be a challenging process. To extract physical properties of electrochemical
systems theoretical models are applied using characteristics extracted from voltammogram
curves. For example, to measure the size of the electrochemically active surface area of the
working electrode, one has to find the area underneath either of the redox peaks.”® Other

analysis strategies involve, measuring redox peak separation to quantify reversibility and

(a) (b)

0.0004 1

0.0002 -

0.0000 1

Current /A

—0.0002 A

—0.0004 1

~05 0.0 0.5 1.0 15 2.0
Voltage / V
Figure 1.9
An example CV of an E coupled reaction, (b). The example only contains peaks for the standard redox

behaviour. The shape of CVs is commonly compared with the appearance of ducks which is shown by

comparing with a Northern Pintail Duck in flight, (a).
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transfer kinetics,””2% and measuring curve area at non-redox active potentials for double layer
characterisation.®! These types of analyses are easy to perform on measurements sampled
from well-defined systems that do not vary significantly from expected behaviour. However,
when systems are more complex due to the system containing a wide variety of
electrochemically active species, or the geometry of involved surfaces changes over time or
between experiments, voltammogram shapes vary considerably which hinders the extraction
of physical properties.”®828 Additionally, in situations where CVs are sampled in large
volumes continuously, automated processes would also be needed to quickly characterise
systems with high throughput. In case of both high system complexity and the need for high
analysis throughput, the traditional application of numerical and theoretical modelling is not

immediately appropriate.

As an example of system complexity, consider the experimental determination of the
electrochemical reaction mechanism. When the products of an electron transfer process (E)
are chemically active within the system under study, these products can react with other
species within the system. This chemical reaction (C) alters the dynamics of the diffusion layer
and results in a change in CV shape. These processes are known as EC coupled reactions and
are difficult to characterise.?*8 The shape changes that arise can be very subtle making it
tricky to classify a CVs shape as having either E or EC type behaviour. The complexity rises
even further when the chemically produced species is also electrochemically active. This
results in even more redox peaks manifesting in CV curves (Figure 1.10).8687 Stemming from
the complexity of elucidating electrochemical reaction mechanisms, studies have been
exploring the predictive capabilities of ML techniques to ease this analysis. For instance,

multiple studies have explored supervised learning applications of neural networks for the
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Example CVs that simulate the three different electrochemical reaction mechanisms. The E mechanism
involves a simple electron transfer step (blue) whereas the EC mechanism involves the chemical reaction of
the products of an electron transfer step (orange). This leads to a subtle change in CV appearance due to
alterations in chemical kinetics. The ECE mechanism (green) presents a more noticeable feature where the

product of the EC reaction is also able to undergo an electron transfer step.

classification of CVs based on their reaction mechanism.®°! These studies utilised datasets of
CVs with predetermined reaction mechanisms to train ML models for the accurate prediction

of previously unseen CVs.

In another example application, CV is being implemented for the purpose of electrochemical
sensors. This stems from the high sensitivity this technique has in producing curves with
different shapes resulting from the presence of additional electrochemically active species
within the measured environment.??=®7 Within sensing applications, the measured systems

can contain a wide range of molecular species which can result in voltammograms with
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complex shapes. In addition, sensing techniques are commonly applied in settings where high
volumes of data require continuous analysis with as high turnover rates as possible. Because
of this, researchers have been attempting to incorporate novel analysis techniques to try and
ease the process of analysing electrochemical sensor data. A good case study for this would

be the analysis of electrochemical tongue (E-tongue) data.

The purpose of the E-tongue is to detect chemicals that would likewise be detected by the
human tongue.®® One application of such a device finds itself within the field of food sciences.
Here, E-tongues are used to discriminate batches of drink items based on their quality. For
instance, one study showed that E-tongues can be used to monitor the quality of beer as it
ages.” In fact, there are multiple studies similar to this that implement ML techniques to aid
in sample classification tasks using an E-tongue. The techniques used in this field vary from DR
to implementation of neural networks (Figure 1.11).1901%6 |t js worth noting that ML

techniques are also aiding electrochemical sensors in other chemical applications such as the
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detection of hazardous substances.
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Figure 1.11

Example of an E-tongue pipeline from the works of Ceto et al.'°® where CVs are sampled from sensors before
being processed by a ML agent. Here a neural network has been taught to predict the Folin-Ciocalteu index
and Polyphenol Index of wines based on their CV appearance. Both indices are used to quantify the quality

and flavour of wines.
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1.3. Motivation for Machine Learning
In Sections 1.1 and 1.2 example case studies were presented where ML algorithms were
applied to complex data problems within the fields of SM science and electrochemistry. In
both cases, it was shown that ML agents were able to achieve high classification accuracies,
and effective data separation without the need for statistical analysis. Whilst these results are
certainly fascinating, it is not immediately clear how ML techniques operate, and how they
differ with regards to traditional statistics. A formal definition of Al and ML, as well as a
detailed outline of the various topics and algorithms used within the context of this thesis in
relation to ML are discussed in Sections 2.2 and 2.3. Overall, ML techniques provide a means
for classifying data, forecasting variables using automated regression, and clustering data into
groups based on similarity. All of which is achievable without any prior statistical assumptions

being made.

However, from one point of view the application of ML to data problems could be seen as an
unnecessary overcomplication. In many cases, data analysis tasks could be simply solved by
applying less complicated statistical methods. For instance, when studying the absorptivity of
molecular species. Here the concentration of a compound is linearly related to its absorbance
as given by the Beer-Lambert Law.'!® This means that usually only a simple linear regression

model is required to accurately obtain the molecules absorptivity.

The differences and usefulness of ML techniques can be understood when one considers the
fundamental purpose of data analyses. In general, data analysis aims can be split into two
interrelated desires. The first goal of analyses is to understand how the different variables of

a system relate in nature. This is known as inference, which is predominantly achieved by
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drawing conclusions from statistical models of measured data.'?® The second goal of analyses
is to produce a model that can accurately forecast the value of various variables given a
previously sampled dataset. This is called prediction and has seen greater success when
utilising the models provided by ML.12° These two goals are very similar as inferring an
accurate understanding of any dataset’s nature can allow for accurate predictions and vice
versa. However, in some cases where data is numerous and possesses a large number of
variables, the statistical inference can only be achieved with a less successful predictive ability.
When instead focussing on predictive power using ML models, the opposite can occur
whereby high prediction accuracy is achieved but at the cost of being unable to infer the
nature of the data. This lack of inference results from the reduced interpretability that comes
with more advanced ML agents. In general, one would choose to apply ML models to data
analysis when the focus is prediction, and the dataset contains a vast number of interrelated

variables and datapoints.

Stemming from the similarities and overlaps that statistics and ML possess, there is notable
confusion regarding the appropriate use cases of each. In 2018, a study by Bzdok et al. called
“Statistics versus machine learning” was published.'?! Here the comparison between statistics
and ML was made using their performances on a regression task. This task required the
applied algorithms to correctly predict which genes within a set were the cause of a change in
a simulated biological phenotype. This simulation involved 40 different genes where the last
10 had varied expression between the two labelled phenotypes. The statistical approach
utilised a p-value corrected binomial hypothesis test to label the genes, whereas the ML
approach utilised a random forest algorithm to directly generate predictions. Overall, similar

results were found for either algorithm. However, it was concluded that the ML approach was
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superior as the statistical method made use of previous knowledge regarding RNA sequencing
data to produce hypotheses to test, whereas the ML approach required no prior assumptions.
Additionally, the ML approach was said to be more scalable as larger systems involving larger
sequences of genes would have a lesser impact on the difficulty of the analysis process of the

random forest regressor than it would with the hypothesis test.

Overall, the real benefit that ML can provide to analysis tasks is the ability to produce models
with improved predictive abilities when compared to traditional analysis methods.
Furthermore, these ML techniques allow for easier data analysis when considering large
datasets with many interrelated variables, and allow for traditional statistical assumptions,

such as normality and confidence intervals, to be avoided.

1.4. Aims and Projects

The complete aim of this thesis is now outlined. Overall, this work contains three main projects

that will be outlined below.

The first project reexplores the concept of nucleotide classification using their electrical
properties. The aim of this project is to look at potential techniques one could use with an
STM to more reliably detect I(t) technigque events involving nucleotides. Taking inspiration
from the achievements of nanopore-based DNA sequencing, this project also explores the use
of more advanced ML techniques than those previously used to classify I(t) events, specifically

neural networks and DL (Chapter 3).

In Chapter 4, a comparison of statistical and ML techniques for anomaly detection is
performed. Specifically, the aim here is to identify which technique is best suited to find

anomalies (events) in noisy, low signal-to-noise ratio (SNR) time series data.
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Lastly, Chapter 5 investigates an in-depth study of the uses of unsupervised data classification
within the field of STM-BJ. Here DR and clustering is used to demonstrate the ML approach to
data selection and sorting based on unbiased means. More specifically, this project aims to
identify the improvements that can be made by ML for data cleaning and sub-population
analysis. Additionally, to demonstrate the versatility of these techniques an application in CV

is also presented.
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2.1. Charge Transport
Charge transport through single molecules is governed by multiple factors that include
dependencies on temperature, molecular structure, coupling strength to electrodes, the
electrode materials, and the applied potential difference. Given that the size of single
molecules is on the nanoscale, the phenomena of quantum mechanics have an important

effect on conductance.

2.1.1. Quantum Mechanics
The first step in understanding the factors that affect SM charge transport is to first
understand the behaviour of electrons. In quantum mechanics, a particle is represented by an
abstract vector, |Y), which contains all the possible information of every observable quantity
that particle can possess. This vector is provided meaning by expressing it in terms of an
observable quantity’s eigenbasis.! For example, the energy eigenbasis of a quantum particle

is simply a linear combination of that observable’s possible values:

)= > cilED 21

l

where c; is proportional to the probability that the quantum particles energy equals the
energy eigenvalue of the energy eigenvector, |E;). This is known as a superposition of
guantum states. However, when observables have a continuous range of possible values, the

guantum state is instead written as an integral. For example, consider the position observable:

W= [wkodx 22
where Y (x) represents a continuous function of all possible coefficients of corresponding

definite position, x, states.'?
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As it was previously stated, the coefficients c¢; and ¥ (x) are related to the probability that the
guantum state is in the corresponding definite states. Indeed, the Born rule states that these
probabilities are the squared magnitudes of the coefficients.> As a result, the squared
magnitude of the position coefficient function, ¥(x), yields a probability density function of
the quantum particles position.
p(x) = [Px)I? 23

Overall, an observable is represented by a linear map which maps the quantum state, |y), to
the corresponding observable’s eigenbasis. Consequently, if the quantum state is in a definite

energy state, mapping |y) would return the same vector scaled by the energy value:
Elp) = Ely) 2.4
, where E represents the energy map known as an operator. More likely, the quantum state

is instead in a superposition of possible energy states. Instead, the expected value is given by:

(E) = (Y|E[) 25

, Which is the inner product of the quantum state, ), and the mapped quantum state, Ell/)).

This is the same for any observable value of the quantum particle.

2.1.2. Particle-in-a-Box
Consider the traditional example of a quantum particle in a 1D box (Figure 2.1). Inside the box
the particle would have a potential energy less than its total energy. Outside the box, the
particle would have a constant potential energy greater than the total energy. Classically, total

energy, E, of the particle is determined by the following expression:

E=U+T 2.6
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Figure 2.1
Schematical representation of a particle in a 1D box with non-infinite potential regions. With a finite

potential there is a non-zero value for the wavefunction in the classically forbidden regions.

where U is the potential energy, and T is the particle’s kinetic energy. Considering this
equation and that it is not possible for a particle to possess a negative kinetic energy, it can
be concluded that, classically, the particle cannot exist in any region where E < U. However,

in quantum mechanics, this is not true.

To model the possible position of a quantum particle, the position coefficient function, ¥(x),
is required. To find the nature of this function, which is also known as the wavefunction, the
time-independent Schrédinger equation is solved for the current system.* This is done by

using the boundary conditions of the system and then solving the following:

2 2

EYp(x) = ———=(x) + U(x)P(x) 2.7

2mdx?
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where f is the reduced Planck’s constant, m is the particles mass, and U(x) is the potential

energy function.

For the particle in a box model, there are three different regions of interest (ROIs). Each of
these three different regions will possess separate wavefunctions. These are 1, Y5, and V3,
for the left, middle and right regions, respectively. When solving Equation 2.7, the three

wavefunctions take the following forms:

P, (x) = P,(0)e** 2.8
P, (x) = 1P, (0)et* 2.9
P3(x) = P3(0)e > 2.10

where k and K are constants of the form:

= Y2mE-U) 2.11

h
K:VZ’”(;L]_E) 2.12

This result is interesting because the wavefunctions for the classically forbidden regions is
non-zero. Incidentally, this causes the resultant probability density function to be non-zero

also. The particle has a probability to exist within these classically forbidden regions.5

2.1.3. Quantum Tunnelling
A junction in conductive SM science can be modelled as two wells with a thin but high
potential barrier between them. This is analogous to placing two boxes next to each other in
terms of the previous example. Previously, it was shown that a quantum particle could exist
in a potential barrier. Therefore, if the length of the potential barrier is thin enough such that

the wavefunction has not decayed considerably, it can be concluded that the particle has a
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non-zero probability of passing through this potential barrier. This is indeed the case and is a

phenomenon known as quantum tunnelling.®

To get to the formulism of an electric tunnelling current, the variable of time needs to be
introduced. As electric current is a measure of how much charge passes per unit time, to get
to a similar property in quantum mechanics it needs to be stated how a quantum particle
evolves through time. More specifically, it would be necessary to define how the particles
position changes with respect to time. Here this is represented by a probability current which

is related to how the probability density changes in time:

P(x,t)

LY t)
Ix 2.13

h d L t)*
J(x,t) = ﬁ(d’(% t) %)

ap(x,t) 9 (xt)
at  ox

2.14

where | represents the probability current, t represents time, and * represents the complex

conjugate.*

In the previous example of the particle in a box, the wavefunctions were found by utilising the
time independent Schrodinger equation. This form of the equation works on the assumption
that the particles position probability distribution is not dependent on time. The resultant
states are thus referred to as stationary states which possess definite energies.* In a stationary
state, the change in the probability density function of position with respect to time is zero.
As a consequence of this, using Equation 2.14, the probability current does not change with
respect to position. In summary, the probability current is constant and is calculated as

follows:
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where p is the amount of probability density per unit of position.

The resultant probability current will result in an electric current if the quantum particle has a

charge. The resultant current is therefore calculated as:

I=gqf 2.16

where q is the particles charge.

Previously, it was shown that a particle in a classically allowed region will possess a
wavefunction in the form shown in Equation 2.9. In this case the constant, k, is related to the
particle’s momentum. Therefore, a positive value for k would indicate a particle with
momentum in the positive direction (left to right). Inversely a negative k value would indicate
travel in the opposite direction (right to left). Now consider the tunnelling case as shown in
Figure 2.2. Here we consider the situation of a charged particle travelling from left to right (in
the positive direction). The initial state of this particle can be described by the wavefunction,
1. Within the same left region, another wavefunction, ¥,, can exist with the opposite
momentum. There are then two more wavefunction states. The state of the particle within
the tunnelling barrier, 13, and the state of the particle after the tunnelling barrier, Y. Each
of these states and the tunnelling barrier schematic are given in Figure 2.2. In this perspective,
it can be concluded that the state v, is the state that a particle would be in after successfully
tunnelling through the barrier. Using this logic and the previous definition of electric current,

the overall tunnelling current can be defined in terms of the initial current:

Ip = 1,,T 2.17
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Figure 2.2
Schematical representation of tunnelling though a 1D potential barrier. Allowed solutions for the

wavefunction in each region are shown along with the direction of the particle’s momentum.

where I is the electric current resulting from the state y,, I;, is the electric current resulting
from state 11, and T is a constant value that represents the ratio of how much of the initial
currents remains after tunnelling. This constant is referred to as the barrier’s transmission
coefficient.” The inverse of this ratio can be interpreted as the degree of reflection of particles
attempting to tunnel. If a particle reaches the tunnelling barrier but fails to tunnel, the only
other possibility is for the particle to travel in opposite direction. Therefore, the transmission
coefficient, T, can also be written with respect to the state y,. More specifically, the electric
current of ¥, is:

I =L,(1-T) 2.18

where Iy is the reflected electric current corresponding to state 1,.
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Interestingly, the same model can be applied to the reverse case of a particle tunnelling in the
opposite direction. If the tunnelling junction is symmetrical, then the tunnelling current for
travel in each direction is the same. This means that there would be no overall tunnelling

current that results.

Therefore, to generate an overall tunnelling current some form of bias is required. This
behaviour is modelled by the Landauer theory of tunnelling.> This theory works with the
assumption that each electrode functions as a 1D box like in section 2.1.2 with rectangular
potential barriers, and that the Pauli exclusion principle applies. Using these rules, the initial

current can be rewritten as:

_ sy 2.19

The subsequent tunnelling current is then found via:

2e?
= =-vr 2.20

2e2
where the constant value, = is known as the conductance quantum, G,

However, when the potential difference applied between the two electrodes becomes large
enough, the shape of the potential barrier changes to a trapezoid shape. This change in barrier
shape means that the Landauer theory of tunnelling, and other direct tunnelling mechanisms,
may not be applicable. Indeed, in the extreme situations where the energy level of electrons
aligns with the triangular edge of the tunnelling barrier the effective tunnelling barrier length
is shorter and means the tunnelling current increases. This form of tunnelling is known as

Fowler-Nordheim (FN) tunnelling.’
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2.1.4. Charge Transport through Single Molecules
In the previous explanation of quantum tunnelling, the space between the two conductive
electrodes was empty. When a single molecule is present and bridges this space, the
tunnelling behaviour changes usually resulting in an increased tunnelling current. Looking at
Equation 2.20, when a molecule binds in this manner, the increased tunnelling current must
be due to an increase in the transmission probability, T. In the case where the applied bias is
small, such that the potential barrier shape is not distorted, the transmission coefficient, T,

can be written in terms of the apparent barrier height:

T = eBs 2.21
§— 2V/2md 599
A

where [ is the decay constant, s is the width of the potential barrier, and @ is the apparent
barrier height.> When a molecule bridges the gap between electrodes, the increase in
tunnelling current can be attributed to a decrease in the apparent barrier height, @, such that
the decay constant, 3, is reduced and the transmission probability, T, is greater. In addition,
to the barrier height, this expression relates distance dependence to the transmission
probability. Overall, combining Equations 2.20 and 2.21 provides the following expression for
the tunnelling current:
Iy = GoVe™Ps 2.23

where G is the aforementioned conductance quantum with a value of 77.48usS.

The reduction in the apparent tunnelling barrier and the increase in the tunnelling coefficient
can be attributed to the coupling of the molecular energy levels to the energy levels of the

electrodes. When these quantum states couple, electrons may be able to transfer between
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the different states if energetically favourable to do so. For instance, consider the case of two
electrodes, who act as an electron source and an electron drain, with a molecule present
within the separating gap (Figure 2.3a). With an applied bias between the electron source and
drain, a net current is induced that will flow across the system. If an energy state of the
molecule is present within the energy range between the two electrode fermi energies
electrons can transfer from the electron source to the molecule. Likewise, electrons within
the molecular state can transfer to the electron drain. The rate at which electrons transfer
from the source to the molecule, I, and from the molecule to the drain, I;, represent the

coupling of the molecule to the corresponding electrode. The total coupling is written as:

(a) (b)
E I,

A

Hs

Figure 2.3

Schematic representation of tunnelling involving a molecular bridge. (a) shows the two electron transfer
steps from the source electrode with the chemical potential ug to the molecular energy level, €, and then
from the molecular energy level to the drain electrode with chemical potential u;. The coupling that
coincides with electron transfer leads to the broadening of the molecular energy level, €, whose energy

distribution is shown in (b).
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r=r,+r, 2.24

This coupling, and thus the rate at which electrons transfer, is a result of the overlap of the
quantum states such that their wavefunctions interfere with one another. This wavefunction
overlap causes hybridisation of the molecular orbital such that the energy of the molecular

state broadens (Figure 2.3b).2

The broadening of the molecular level can be explained in terms of the Heisenberg uncertainty
principle that links the energy and lifetime of a state. As electrons transfer onto a molecular
energy level, there will be a non-zero time that the particle resides on the molecule. Because
of the uncertainty relation there will, therefore, be a non-zero degree of uncertainty in the

energy of the state.??

All of these behaviours can be linked to the tunnelling probability through using the Non-
Equilibrium Green’s Function (NEGF) method which can be written as:

[ (E)I4(E)

e (m

(G — GT)> 2.25

where tr is the trace function of a matrix, E is the energy of the electron, G is the retarded
Green’s function, and t is the Hermitian conjugate. The retarded Green’s function, G, is

calculated using molecular information as

GE)= (ES—H-X;,—X3)7" 2.26
where S is the symmetric overlap matrix, H is the molecule’s Hamiltonian matrix, and 2 is the

self-energy matrix for the source and drain.®1°
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Coherence of Charge Transport

The coherence of charge transport relates to how a transport process alters the phase
information of a quantum particle. Coherent tunnelling is defined as transport of charge
across the tunnelling barrier resulting in no change to the tunnelling particles phase.! The
previous tunnelling regimes of direct tunnelling and FN tunnelling are examples of coherent
tunnelling. However, when the tunnelling regime contains a third reservoir where particles
are classically allowed, there is the possibility that electrons may transfer to this third location.
In the case where this third location does not act as an electron sink such that the net current
only flows across the original junction, the tunnelling electrons can still interact with the third
location and randomise their phase information. This defines an incoherent transfer process.*?
In the example of a molecule bridging the tunnelling barrier, the molecule can act as this third
electron reservoir. A tunnelling electron can therefore transfer onto the molecule and
undergo an inelastic process whereby the particle loses energy, excites the captured molecule,

and in the process loses phase information. 13

Overall, the transmission of electrons across a tunnelling junction containing a molecule
manifests as a combination of both coherent and incoherent transmission probabilities:

Ttot =Tc +T; 2.27
where Ty, is the total transmission probability, T, is the coherent transmission probability,
and T; is the incoherent transmission probability. An electron incident on the tunnelling
junction can either transfer directly through the junction without interaction with the inelastic
scatterer or it can transfer sequentially through the scatterer. These two possibilities are not
independent meaning the coherent component cannot be modelled by a purely coherent

process. 12 As a consequence of this, the charge transfer across a molecular junction becomes
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increasingly complex to model. As such, the interested reader is referred to additional sources.

4,14,15

Resonant Tunnelling

Lastly, there is one notable phenomenon that can arise during charge transfer through a
molecular junction. In the above tunnelling regime, there are two tunnelling barriers. One
before and one after the inelastic scatterer. When considering the coherent case, there is a
non-zero probability of reflection at the second tunnelling barrier. The wavefunction of this
reflected particle is then able to interfere with the transmitted particles from the first
tunnelling barrier. When the wavefunctions possess the correct wavelengths, this interaction
can result in the complete destructive interference of the reflected wavefunction such that
the transmission probability becomes unity. The phenomenon is known as resonant tunnelling

which explains the higher-than-expected conductance of double tunnelling barriers.*

2.1.5. Scanning Tunnelling Microscopy
The functionality of STMs, as introduced in Section 1.1.1, require precise control over the
electrode separation. This is achieved by employing a system of piezoelectric crystals that
control the 3D position of one of the electrodes (Figure 2.4).> The electrode under
piezoelectric control is the STM tip, which is designed to be sharpened to a fine, ideally
monoatomic, point.'® The fine adjustment of the tip’s position is controlled by varying the
voltage across any combination of the three piezoelectric crystals. When increasing the
potential difference across these crystals their size increases causing the STM tip to be moved

in the corresponding cartesian directions.!’” Of the three piezo crystals, two correspond to the
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lateral movement of the tip in the x and y directions. The third crystal controls the

perpendicular movement in the z direction.

The most widely used mode of the STM is the constant-current mode where the user defines
a desired tunnelling current for the STM to maintain. Once the STM tip is close enough to the
other electrode’s surface and a potential difference is applied such that a tunnelling current
can be measured, the STM implements an automated systems for maintaining this tunnelling
current. A feedback system takes the measured current and converts this into a voltage that

controls the z-piezo such that the tip moves in the appropriate direction to approach the

>
Feedback Amplifier Setpoint

«» Current Amplifier
3

0
X-scan Bias
‘ ‘ -

y-scan

A 4

Figure 2.4

Outline of the construction of an STM. The diagram shows a simplified summary of the points of
connection between the sample and the controlling computer. In addition, a setup of amplifiers is
shown to summarise how the measured signal is communicated and implemented in the feedback

system.
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desired setpoint current (Figure 2.4). This feedback system takes the form of a PID controller
where three customizable gains can be used to tweak the tip distance behaviour.*® This control
allows the speed at which the tip will reacquire the setpoint current to be customised and

ultimately helps with sharpening recorded images or preventing setpoint overshoots.

To produce an image of the electrode surface, the measured current requires amplification
and conversion into a digital signal so that a controlling computer can display measurements.
This initial amplification of the measured currents is required as the measured tunnelling
currents are generally very small on the order of 10°A. This amplification also converts the
measured currents into a corresponding voltage. Overall, these amplifiers will have gains set
that represent a conversion of current to voltage.> For example, a gain of 10nA/V would
convert a 10nA tunnelling current into a 1V signal. Following this, the analogue voltage signal
is converted into a digital signal such that the controlling computer can read and display

measured results.

Electrochemical Scanning Tunnelling Microscopy

ECSTM incorporates additional electrodes into the original STM setup to allow for the
simultaneous characterisation of the redox behaviour of the tip and substrate electrodes
whilst conducting STM experiments. The additional electrodes are referred to as the counter
and reference electrodes which totals to a system of four electrodes. When immersed in an
ionic solution, this setup allows for fine control over both the tip and substrate electrodes
potentials. This relies on the use of a bipotentiostat controller to control the potentials of two

working electrodes that share the same counter and reference electrodes.
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Overall, within an ECSTM there are three potential differences that are controlled. As with
traditional STM the applied bias between the tip and substrate electrode is present. However,
with ECSTMs there is the incorporated potential differences between the tip and the
reference electrode as well as the substrate and reference electrode. All three of these
potential differences are related by the following equation:

V = Eqp — Epip.*° 2.28
where E,j, is the substrate potential and E};), is the tip potential. Because of this relationship
between the three potentials, there is a continuous range of values for the tip and substrate
potentials for a chosen applied bias. This means that the applied bias between the tip and
substrate can be kept constant whilst sweeping the tip and substrate potentials in unison.
Alternatively, the applied bias can be swept by either fixing the tip or substrate potential whilst
varying the potential of the other electrode. This fine control allows for deeper investigations

into the electrochemical behaviour of STM electrodes in situ.
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2.2.Machine Learning
The term ML was first used by the American computer scientist Arthur Samuel in 1959. Samuel
became a pioneer within the field of Al and ML for their development of a checkers playing
agent, which was able to outperform a human competitor.?° The definition of a ML agent is
commonly referred to as a computer program that is able to “/learn to solve problems without
being explicitly programmed” which is a paraphrase that was coined during reference to
Samuel’s work.?! Despite the roots of ML starting within game Al, the field has since

broadened to encompass data analytics as well.

Nowadays, any ML task can be split into one of three different classes. These include
supervised learning tasks, unsupervised learning tasks, and reinforcement learning tasks. Both
supervised and unsupervised learning are used extensively in data science, whereas the
application of reinforcement learning is generally confined to more niche use cases of agents
exploring different states of a system. It is also worth noting that techniques from each section

are commonly used in conjunction to improve task performance.

2.2.1. Supervised Learning
Supervised learning encompasses any ML technique that involves learning based on pre-
labelled data.?? For instance, consider a dataset A that is comprised of n number of vectors

such that

X1, X9, . ,Xn EA 2.29

where

x; € R™ 2.30
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Each vector within dataset A will have another associated vector to it that acts as each
variable’s label. The nature of these labels varies based on the supervised learning task.

Dataset A can instead be written as

(Xl, yl)) (xz; 3’2), ey (xn' yn) €A 2.31

The goal of supervised learning is to employ techniques that can learn the relationship
between data and their labels. To put this into mathematical terms, ML in this setting attempts

to learn a function g(x) where

9(x) =y 2.32
2.2.1.1. Regression
Regression is commonly used within data analysis to attempt to approximate the relationship
between two variables.?? In the context of supervised learning this means, using the previous
example, the vector y; would be the variable dependent on the value of vector x;. This subset
of supervised learning, whilst not explored within the context of this thesis, is a large field that

deserves mentioning.24-2¢

2.2.1.2. Classification
In ML, classification is the act of separating data into groups. This method is supervised by a
training set of data where the label y; for data point x; represents a class label.?” An agent
would use this training set to learn the mapping function between data and their class labels.
There are numerous methods that can be used to model this mapping process such that the
class label, y;, for any data point can be predicted. The models mentioned in this thesis are

described in the following section.
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Figure 2.5
Demonstration of classifying an unknown point (green) using the KNN algorithm. Here a k-value of six is

shown which would result in the point being classified as belonging to the left (blue) class.

k-Nearest Neighbour Classifier

k-Nearest Neighbour (KNN) is one of the simplest methods of classifying data. This method
works by placing any unknown data points within the same mathematical basis as the training
data. The label of the unknown point is then determined by looking at a user defined number
of neighbouring points, k. The training label that is most prevalent amongst the neighbours

decides the label given to the unknown (Figure 2.5).28

Naive Bayesian Classifier

The Naive Bayesian Classifier is another simple method that uses Bayesian probabilities to
determine the probability that an unknown data point is part of a class. As such, prior
knowledge about available classes, and the distributions of both classes and data are required.

The equation that links these variables is the famous Bayes theorem and is defined as

P(x|C)P(Cy)

P(Cilx) = P(0)

2.33
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where P(C;|x) is the posterior probability of assigning the class label C; to point x. This
posterior probability is calculated for each possible value of C;. P(x|C;) is known as the
likelihood probability and is the probability of sampling the value x within the distribution of
class C;. P(x) and P(C;) are known as the prior probabilities, (P(x) is also sometimes known
as the evidence). These values are the probabilities of sampling the value x within the whole
distribution of x, and sampling class C; out of all classes, respectively. Upon calculation of all
posterior probabilities, the predicted class for point x is selected using the most probable

probability.?®

Decision Tree Classifier

The decision tree classifier takes an information-based approach to classification. The
classifier adopts a binary tree structure with checks at each node to partition the input data.
The algorithm starts with a single node called the root node. Here the algorithm decides a
linear threshold on one of the datasets features and bins the data into two groups (Figure
2.6a). The algorithm uses the training labels from both partitions to determine how effective
the split was. There are various metrics that can be used to quantise the success of a split,
which will be outlined later. The algorithm iterates through possible thresholds on every
feature to find the threshold that maximises the information gained. For each of the resultant
subpopulations the algorithm recursively applies the same logic to further subdivide
populations. This results in the generation of a binary tree of splits until the resultant
populations are considered pure, only containing data with the same label (Figure 2.6b). Once
completed, unknown data can be processed using the tree of splits to find the predicted

class.3°
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(a) (b)

Figure 2.6
Demonstration of decision boundaries within a training dataset, (a), along with the corresponding decision

tree structure that would facilitate those boundaries, (b).

The measure of success for a split is quantified as information gained. Suppose that dataset 4
is put into the root node of a decision tree. The root node will have an associated split
parameter and feature index, (t, f). Using these, the left, L, and right, R, populations can be

assigned.

L= {Aj | Ajr < t}, 2.34

R={4;14;;> t}, 2.35
For each of the parent and the two child populations, a loss function is applied to calculate
the entropy/purity of the corresponding population. This function is typically the Gini Impurity

but can also take the form of the Shannon entropy. These are
He(A) = Z pc (1 =pc) 2.36
c
and
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Hg(A) = — Z pclogz pc 2.37
(5

respectively. The information gained is then calculated as the average child entropy

subtracted from the parent’s entropy.3°

n; n,
G = H(A) —LHL) - LH®) 2.38

Random Forest

The Random Forest model takes the logic of decision trees and improves the model’s reliability.
Decision trees have a flaw in that they are very sensitive to fluctuations within the training
data. So much so that a change in one data point can lead to a completely different tree of
splits. This stems from decision trees propensity to be very ‘greedy’ whereby they attempt to
maximise performance on the training data.3! This leads to a high training accuracy but can
result in poor predictive accuracy when being applied to new data. This issue is known as the
bias-variance trade-off or overfitting.32 The random forest model attempts to solve this issue

with less need for parameter optimization.

Overall, random forests are ensemble agents which consist of many decision trees.33 To train
these ensembles, the method of bootstrap aggregating (bagging) is employed whereby a
series of randomly sampled datasets are generated to train each tree individually. More
precisely, for a forest consisting of B trees, B datasets are created by randomly sampling from
the training dataset with replacement. Each dataset consists of the same number of
datapoints as the original dataset but will contain duplications. After each tree is trained,

predictions are made on previously unseen datapoints. In the case of a classifier, the majority
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vote from the forest is taken as the overall prediction.3* Overall, random forest models yield
better performance than a single tree as they decrease model variance with marginal increase

to the bias.

Support Vector Machines

SVMs are ML agents that use linear algebra to calculate a hyperplane in an n-dimensional
feature space that acts as a decision boundary for classification. As the mathematical
inception of this technique is complicated, the idea of a maximal margin classifier will be
explained in a binary classification scenario. Additionally, non-linear classification and the

‘kernel trick” will briefly be covered.

Consider two parallel lines embedded in the feature space, each anchored to the vector that
is closest to the opposing class. It is desirable to find the rotation of these planes such that the

distance between them is maximised. The decision boundary for binary classification can then

...I I
oo/ J
....I IOOOOO
®© 0,/ ® 5000 ©
o ! IOOOOOO
[ e
/ l
l l

Figure 2.7
Demonstration of the decision boundary, (red), that would be found by applying SVM to the example
training set. This boundary would be found using the two parallel support vectors which reside on the dotted

margin lines.
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be set as a third hyperplane this is equidistant to each classes’ hyperplane. This is

demonstrated in Figure 2.7.
The equation of a hyperplane in n-dimensional space is written as:

rw+b=0 2.39
where 7 is any vector that lies on the plane, w is the planes normal vector, and b is a constant
related to the distance along w from the origin that the plane is located. Using this, a
classification rule can be created such that if an unknown vector u is on one side of the plane,

it’s dot product with the planes normal vector, w, plus the offset, b, is not equal to zero.

1, >0

ﬁ-W+b={_1 <0 2.40

The above cases can be combined into a general form:

yG-w+b)—-1=0 2.41
where y is the class label of vector x. If this general form is applied to training data, boundary

conditions can be set that aid in determining w.3°

The above equation, Equation 2.41, is true for the vectors that lie on the margin edges. These
vectors are known as the support vectors. Given that the goal is to maximise the width of the
margin between two hyperplanes, these support vectors can be used to aid in determining w.

The width of the margin would be determined as

. . w
Width = (x, — x_) - m 2.42

where X, and X_ are the support vectors for the positive and negative classes.
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The best classifier would be the one whose w vector maximises the margin width. Using linear
algebra and by plugging in the labels for the boundary conditions into Equation 2.41, we find
that the margin width is inversely proportional to the magnitude of the normal vector w

only.%

Using the above logic, optimisations can be run using the method of Lagrange multipliers to
find that w is the weighted sum of the training vectors,
W= z @Y% 2.43
i
where «; is the weight associated with vector X; as found by running the Lagrange
optimisation. Therefore, when classifying new points, the predicted label is determined using
the dot product of the unknown vector with all training vectors whilst considering their

weights and labels.3®

Yu = Sgn (Z(“m Xt u) + b) 2.44
7

Naturally, this method only works when the two classes are linearly separable. Therefore, to
solve a non-linear case, the idea was developed where the vector space is transformed into a
non-linear space where the classes are linearly separable. The classification would be carried
out in this new vector space before transforming back to the original feature space. This would
result in non-linear decision boundaries. The most notable development with this in mind is

the innovation of the “kernel trick”.

The “kernel trick” is a mathematical technique that allows the non-linear hyperplane to be

calculated without mapping the feature space to that non-linear vector space.?” Previously, in
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Equation 2.44, it was shown that the prediction label, y,,, is dependent on the dot product of
pairs of vectors. That means in order to classify unknown data points only the dot products

are required. The kernel trick calculates these dot products in the following way:

k(%) = 9(%) - 9(%) 2.45
where k is the kernel function of a vector space, and ¢ is the mapping function to that vector

space. Factoring this into the previous classification equation yields:

Yu = sgn (Z(aiyik(fi,ﬁ)) + b) 2.46
i

The common kernel functions that are used are the polynomial and radial basis functions and

are as follows:

1=,

k(k,%)=e o 2.48
Overall, this trick allows non-linear decision boundaries to be set whilst avoiding the need to

map the vector space into another non-linear space by directly calculating the dot products.

2.2.2. Unsupervised Learning
In the previous example, the processing of labelled data in the form (x;, y;) was explored. For
unsupervised learning, however, data is not labelled. As such, the example dataset as shown
in Equation 2.29 will be used to demonstrate unsupervised learning. The goal of unsupervised
learning is to find information about the structure of a dataset to find trends or groups that

help to understand the nature of the data.®
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2.2.2.1. Dimensionality Reduction
Previously, in Section 1.3, it was stated that working with datasets that contain a large variety
of interrelated variables is generally difficult from a statistical inference point of view.
However, the difficulties of working with feature rich data are not only limited to statistical
inference. There is a plethora of phenomena that arise when working with these types of
datasets. Collectively these phenomena are said to be consequences of the “Curse of
Dimensionality” (CoD).3° As an example, one of the phenomena relates to the sparsity of data
within high dimensional space. It can be shown that when datasets are embedded in a high
number of dimensions, the measure of Euclidean distance breaks down. This is because as the
number of dimensions increased datapoints appear to become more spread out. To
demonstrate this, three datasets each containing 10,000 datapoints were created. Each of
these datasets were sampled from a normal distribution with mean and standard deviation of
0 and 1, respectively. Each distribution varied by their respective dimensionalities. The
pairwise Euclidean distances for each dataset were subsequently calculated before being
demonstrated on a histogram (Figure 2.8). Here it can be seen that datapoints within the same
normal distribution become more spread when increasing the number of dimensions. For
more details on the other aspects of the CoD, the interested reader is referred to additional

sources.39:40

Due to the various challenges of analysing high dimensional spaces, various algorithms have
been devised with the intention of reducing the number of dimensions within a dataset. The
collective term for the methods by which this is achieved is dimensionality reduction (DR). DR
aims to reduce the dimensionality of a given dataset whilst maintaining the information stored

in the original high dimensionality basis.** The degree of information that is retained is
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Figure 2.8
Comparison of pairwise Euclidean distances in different dimensional bases. The pairwise distances are

shown for dimensionalities 2 (blue), 100 (orange), and 500 (green).

commonly quantified by comparing dimensional variances and neighbourhood structures of
data points within both the original high dimensional space and the returned low-dimensional
representation. Once achieved successfully, DR alleviates the aforementioned CoD and allows
high dimensional datasets to be more easily visualised and presented. The various methods

by which DR is achieved within this thesis are outlined below.

Principal Component Analysis

PCA is a DR technique that transforms a dataset into a different vector space where the
original variance is described in fewer dimensions.*? The first step in this process is to organise
the dataset of study into a matrix such that each entry is a row vector. The matrix

representation of dataset A appears as follows
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X e
A= S 2.49

Subsequently the dataset is centred such that the average value for each feature is 0. The

average value of each column in A is subtracted from each entry in the corresponding column.

This is mathematically written as

B=A-

1
| x 2.50

1

where B is the mean-centred dataset and x is the vector containing the average values of

each feature:

n
x. = — s
1~ n . ij 2.51

where n is the total number of entries within dataset A.

The mean-centred data is used to compute the covariance matrix, C, where the diagonal
entries of said matrix represent the variances of each feature, and the off-diagonal entries
represent the covariances of the corresponding features. This is computed by scaling the inner

product of the mean-centred data matrix with itself:

1
C = B"B 2.52
n—1

This covariance matrix is used to find some transformation into another vector space where
the new covariance matrix has a maximised form. This maximised form for a covariance matrix
has minimised covariances between features and additionally maximises the variance within
fewer dimensions. Additionally, this transformation will maintain the neighbourhood

distances between points within the original feature space.
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To calculate the new vector space, the eigen decomposition of the covariance matrix is
performed. To carry out this decomposition, eigenvectors and eigenvalues are found such that

the following equation is respected:

cV =2 2.53
where V is a matrix containing the eigenvectors of C, and Lis a vector of V’s corresponding
eigenvalues. Using these vectors, the original dataset can be projected into this new

coordinate system where the axes align with trends in the data. 43

It is at this point where the DR is applied. Given that the data is aligned as such, some of the
features of this principal component (PC) space can be selected for removal without losing
vast amounts of variance information within the data. For clarification, the eigenvectors
whose eigenvalues do not take up a large proportion of the total value of all eigenvalues can
be removed. As the eigen decomposition was carried out on the covariance matrix, the
eigenvalues correspond to the variance in the new PC space. With this knowledge a

percentage measure of information loss when removing components can be defined:

T
i=1li

VE = — % 100 2.54
Xja14

where VE is the variance explained as a percentage, r is the number of components that are

kept, and N is the total number of PCs.%

t-distributed Stochastic Neighbour Embedding

t-distributed Stochastic Neighbour Embedding (t-SNE) is the second iteration of a DR

technique known as Stochastic Neighbour Embedding (SNE). The aim of t-SNE’s development
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was to fix two issues that were part of the SNE algorithm. Therefore, to explain the working

of t-SNE, the SNE algorithm and its limitations will be explained first.

The motivation behind SNE is to use a different metric of distance other than Euclidean
distance for the high-dimensional data. This is because, as discussed previously, the Euclidean
distance breaks down at higher dimensions.*> Therefore, SNE employs pairwise probabilities
to all points where each probability is the likelihood that a point would pick another point as
its neighbour. Then the algorithm would place data points into low-dimensional space and use

a gradient descent algorithm to reconstruct the same pairwise probabilities.

Let the high-dimensional pairwise probabilities be defined as so:

[ O Poir = Pon]
0
S 2.55
Pnlo Pnjr 0

where P is the high-dimensional pairwise probabilities as a matrix, pj); is the probability that
point x; would pick point x; as its neighbour, and n is the total number of datapoints. The

pairwise probabilities are assigned using Gaussian distributions centred on each point:

2
exp _||xi—xj||
207 2.56
Pjii = 2 :
X;i — X
S s €XP (_ I lzazkll )

1

where o7 is the variance of the distribution centred on point x;. This variance is also known
as the kernel width. It is worth noting here that the kernel width is not necessarily the same
for every point. This is because SNE and t-SNE rely on a user-defined value called perplexity to

assign the kernel width. This value takes on integer values which roughly correspond to the
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number of neighbours which are encapsulated by the Gaussian. For each point in the dataset,
the algorithm iteratively finds the kernel width which corresponds to the user given perplexity.

The perplexity of a point is calculated from the pairwise probabilities as follows:

Perp(P,) = 2~ ZiPijlogzPyj 2.57
where P; is the matrix slice of P that contains all the probabilities of a point being neighbours
with point x;. In the original paper, they employed binary searches to find the kernel widths
for each point such that the resultant probability matrix, P, also results in a Perp(P;), for

every value of i, that equals the user’s desired perplexity value.*®

Once the probability matrix, P, is assigned, it is at this point where the first fix of t-SNE is
implemented. In SNE, this matrix is not symmetrical meaning P;; # P;;.*® This is problematic
as it leads to outliers in the high-dimensional space having very little impact on the gradient
descent optimization that occurs later in the algorithm. This issue is alleviated by manually

making the matrix symmetrical by applying

_ Py +Py

== 2.58

to every combination of i and j.#

Once the probability matrix is symmetrised, the dataset is initialised in a lower dimensional
vector space. Let the low dimensional representation of point x; be labelled as y;. At first, the
points, y;, are placed at random points in space. From here a second pairwise probability
matrix, Q, is calculated. In SNE, this matrix is calculated by using Gaussian distributions again
but with a fixed kernel width of 1/4/2. However, this leads in to the second issue and fix that

is remedied by t-SNE. The use of Gaussians in the lower dimension leads to what is known as
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“the crowding problem” where the lower-dimensional space cannot accurately recreate mid-
range pairwise probabilities that are present in the higher-dimensional space.*” Therefore, t-
SNE implements a Student t-distribution to exaggerate the tails of the distribution in the

lower-dimensional representations. As such @Q is populated as:

(14 Iyi-%l?)"

_ 2.59
212k + lye —yill?)1

Qi
With matrices for both the high-dimensional and low-dimensional spaces, a score is calculated

to signify how well Q represents P. This score is calculated by applying a cost function. In the

case of t-SNE, the Kullback-Leibler (KL) divergence is used which is defined as

C= P;jlog——= 2.60
& Qi;

Ultimately, the low-dimensional positions are updated such that the resulting cost is

minimised. To do this the gradients of C with respect to each point, y;, is calculated:

6C 2\"1
5y 4Z(Pij—0ij)(3’i—3’j) 1+ =17 2.61
J
Then gradient descent is applied to improve the values of y;:

_ oC _ _
yi(t) _ yi(t 1) +775_y_+“(t)(3’i(t 1) yi(t 2)) 262
l

where 1) is the learning rate of the optimiser, and a(t) is the momentum of the descent in

iteration t.%’

Uniform Manifold Approximation and Projection
Uniform Manifold Approximation and Projection (UMAP) is another DR technique that

functions very similarly to t-SNE. However, the theoretical foundations of UMAP reside in the
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mathematical field of topology. Due to the abstract nature of topology, this explanation will

cover the intuitions without extensive exploration of the lower-level topological mathematics.

Initially UMAP represents the high-dimensional neighbourhood structure within a weighted
graph. To construct this graph, the algorithm computes n sets, one for each datapoint, that
contain the KNNs for that point. The weights of the connections between each point and its

nearest neighbours are given by the following equation:

. ((xl- . )) _ exp — max (O,d (xi,xij) - pi)
'

0i
where X; is the point of interest, Xi; is the jth nearest neighbour of point x;, and d is the

distance function of the high-dimensional topological space. The constants p; and g; are the
local-connectivity constraint and the smoothing factor, respectively. Both constants are

calculated for each point by

p; = min {d (xl-,xij> |1 <j<kd (xl-,xij) > O} 2.64

and by finding a g; such that

= log, (k) 2.65

Zk:exp max 0 d (xl,xl]) - pi)

O—.
j=1 '

which serves to normalise the connection weights.*8

This step is functionally the same as the t-SNE step of constructing pairwise probabilities,
except here the probabilities are calculated using a different metric. The subsequent step is

also similar to t-SNE in that the adjacency weights required symmetrisation. Let A be an
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adjacency matrix whose elements are the weights calculated using Equation 2.63. UMAP

creates a symmetrical matrix, B, by applying the following:

B=A+AT-AQAT 2.66

where ) is the element-wise multiplication operator known as the Hadamard product.

From here a low-dimensional representation is initialised. This placement can be random,*®

however UMAP, by default, uses another DR technique known as Spectral Embedding to
initialise the low-dimensional points. For more information on Spectral Embedding, the
interested reader is directed to additional reading resources.*®*° From here, UMAP generates

a low-dimensional adjacency map using the following equation:

1
1+ a(llx —ylI*)®

®(x,y) = 2.67

where @(x,y) represents the probability that connection of point x to point y exists, and a
and b are constants calculated by fitting the equation @(x,y) to the results of another

equation, ¥(x, y) where

1,  if llx —yll <min _dist

Y(x,y) = {exp(—(llx — y|| — min_dist)), otherwise

2.68

The constant min_dist is a user-defined parameter that controls the spread of points within

the lower-dimensional representation.*®

UMAP performs a user-defined number of algorithm iterations called epochs where the
positions of points, y;, are updated in two ways. On each iteration every point is moved twice.
The first movement pulls a point towards another low-dimensional point that represents one
of its nearest neighbours in high-dimensional space. For instance, when moving point y,

UMARP selects another point, y;, randomly from the corresponding neighbours. This random
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selection probability is proportional to the connection strength in the original neighbourhood,
with closer points being more likely to be selected. Point y, is then moved using the following

gradient descent algorithm:

yc(lt) = y(gt_l) +a- V(log(d’))(}’a' yb) 2.69

where a is the learning rate, and V(log(®))(y,, yp) is the gradient of the log of function @
with respect to points y, and y;,. This gradient is synonymous to find the gradient of the cost
function. The second movement pushes a point away from a low-dimensional point that is not
representing one of its nearest neighbours. Let y,. be a third point that is not a member of y,’s
nearest neighbours that is selected at random. In a similar manor the push is calculated as

follows:

y =y 4 4 vlog(1 — ) (Ve ve) 2.70

After the two movements, attraction and repulsion, the learning rate, «, is reduced to aid the

descent algorithms with finding their respective minimums.40

2.2.2.2. Clustering

This set of algorithms is often used in conjunction with DR to group vectors based on their
separation. Clustering is referred to as an unsupervised classification method due to its ability
to put data points into classes without any prior class knowledge. The need for such algorithms
stems from the uncertainty that datasets present in that it is not always clear how to separate

data into individual subgroups.>°

k-Means Clustering
The k-means clustering algorithm is arguably the simplest of clustering algorithms available.

This technique functions by placing a user-defined number of centroid vectors within the
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training dataspace. The algorithm works iteratively with the following logic. At each time step,
the algorithm organises the training dataset into subsets based on whichever centroid point
is closest using a squared Euclidean distance. After creating these subsets, the new centroid
locations are calculated. For each subset of data points, the new centroid location is calculated
as the centre of gravity for all points within the cluster. The algorithm then repeats the
creation of subsets and updating of centroid locations until the centroid positions converge

(Figure 2.9).>!

One of the main deciding factors that effect this algorithms performance is how the initial

centroid locations are chosen. The most ubiquitous method for doing this is the kmeans++

Figure 2.9

Demonstration of the result of applying k-means clustering with two cluster centroids on an example
dataset. The centroids ultimately converge to local centres of mass. The above example also presents a case
where the incorrect k-value was selected as the yellow cluster could be further divides into two separate

populations.
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algorithm. Here the centroid locations adopt positions equal to existing points within the
training dataset. This is done randomly with the rule that the initial centroid locations should
be spread evenly throughout the data space. To do this each centroid is placed one after
another with the first centroid being placed using a uniform distribution. The subsequent
centroids are selected by applying weights to the remaining datapoints such that points close
to existing centroids have a lower probability of being chosen for the next centroid. This

repeats until all k centroids have been placed.>?

The second performance deciding factor is the value of k, the number of centroids chosen.
The most common technique used to choose the number of clusters is known as the elbow
method. Here the clustering algorithm is repeated for different k values so that each can be
evaluated. The evaluation takes the sum of the squared Euclidean distances from each point
to their closest centroid. These squared distance sums are then plotted against the chosen k-
value. The resultant curve will possess a decreasing sum as the k-value increases. However,

the optimum value for k will be the value at which the curve kinks like an elbow.>3
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2.3. Deep Learning and Neural Networks
DL is a subset of ML that governs the use of artificial neural networks. So named after the
architecture of DL agents, where data is transformed into various layers of deepening
abstraction. The more abstraction the deeper the neural network.>*>> As a subset of ML, DL is
able to carry out all the supervised and unsupervised learning tasks that ML can and can even
supersede ML in performance. Most notably, DL insights have led to ground-breaking
classification performance in the field of image recognition.”®>’ In current times, DL research
has resulted in generative models, which aim to create new data from what they have learnt

from a training set.”®

2.3.1. Perceptrons
One of the first innovations in the development of neural networks was the discovery of the
perceptron. Perceptrons were first invented by Frank Rosenblatt in 1958, as a way of
modelling the way the biological brain stores and processes information.>? Although originally
intended to be mechanical, today perceptrons are ML agents specialised for binary

classification tasks.

A perceptron is commonly represented as a computational node with many inputs and a single
output (Figure 2.10). Each connected input has an associated weight, which is used to
compute a weighted sum of all inputs. This weighted sum is put through an activation function

to yield a classification result. The output of a perceptron can be summarised by:

o= f(w-x+b) 2.71
where o is the output prediction of the perceptron, w are the weights that correspond to each

feature of input X, and b is the perceptron’s bias. The function f is the activation function. In
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Figure 2.10
Schematical representation of the computational flow within a perceptron. The input vector, x;, is scaled
by the weight vector, w;, before being summed along with a bias, b. The result is then passed through a

step function to yield the output.

this instance, f will represent the Heaviside step activation function where the output will be
set to 1 if the biased weighted sum is positive, or 0 otherwise. The original method for
learning, was to update the value of the weights and bias based on the mathematical
difference between the perceptron’s predicted output and the desired training output. At first
the weight and bias values are initialised either randomly or by setting them all to equal 0.
Then these values can be updated. The learning algorithm utilised a learning rate to regulate
the step size when updating the values. The algorithm can be summarised with the following

equations:

wEtD = 5 ©® 4 a(y; —0;) " X; 2.72

and
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b = p® + q(y; — 0;) 2.73
where «a is the learning rate, t is the current epoch of the training process, and y is the vector
of target labels associated with the inputs x. This training process is repeated a user-
determined number of times until the resultant weights and bias have been set such that the

difference between predictions and labels is minimised.>%%?

2.3.2. Feed-Forward Networks
The next step in the development of DL after the advent of the perceptron, was to incorporate
a network of perceptrons to imitate the nature of the brain. This network of connected
perceptrons is commonly illustrated as shown in Figure 2.11. Here perceptrons are organised
into layers which each process the input vectors to yield an array of activations. This vector of
first layer activations can then be fed into another layer of perceptrons to produce a second

layer of activations which can be fed into yet another layer of perceptrons and so on. The final

AN/ AN
(XTI

X

Figure 2.11
Architecture of a typical FFNN. Each element of the input vector, (green), is passed to each neurone in the
hidden layers, (blue). The outputs of each layer are passed to each unit of the following layer in a fully

connected manner. The final, output vector, (red), is returned by the algorithm.

73



Table 2.1
Truth table for the XOR logic gate. The logic of which cannot be replicated by neural networks that utilise

only linear activation functions.

= = O O
= O R O
O ik O

layer of this network is known as the output layer which is designed specifically to the task the
network is to perform. For instance, in binary classification or 1-dimensional regression the

final layer would have a single perceptron to yield a single output value.5%63

These networks are known as multi-layer perceptrons (MLPs). However, there are
inconsistencies in the field of DL in terms of terminology. Some DL scientists/engineers would
treat the MLP as identical to another network type called the feed-forward neural network
(FFNN), whilst others specify that MLPs purely contain perceptrons that only utilise step
function activation. In this work, the MLP will take on this definition of only using step-
functions. Because of this limitation, MLPs cannot update their weights and biases such that
non-linear decision boundaries manifest. This means that classification problems with
populations that are not linearly separable are not possible to solve using MLPs. The famous
example of this is the notorious XOR problem, where the logic in Table 2.1 cannot be learned

using linear techniques.®

With regards to the aforementioned FFNN, this XOR problem has been solved. Owing to the
wider arsenal of activation functions, FFNNs can learn non-linear decision boundaries. FFNNs
are illustrated in the same manner as MLPs with multiple layers containing multiple, in this

case, neurones. Each layer of neurones can use various activation functions which each come
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with their own advantages and limitations.®® The current most popular activation function is

the Rectified Linear Unit (ReLU) function which simply makes any negative activation 0.

Overall, the majority of the applications of FFNN are within the supervised learning tasks of
classification and regression. For the various applications of neural networks for this purpose,

the interested reader is referred to Section 2.3.6.

2.3.3. Gradient Descent and Learning
When it comes to the learning portion of DL, and even ML, it is very common to use what is
known as a gradient descent algorithm to minimise loss within a model.®® Naturally, in order
to learn, the first step is to outline a method to measure this error. The metric or function that
is used to measure this error is known as the loss or cost function.®’ In DL, and even ML, there
are a plethora of different functions of measuring loss some of which are summarised in Table
2.2. On each training epoch, the input data is shuffled before calculating the loss associated

with each input vector. The loss on each input is then used to update the values of the weights

Table 2.2

Summary of common loss function used in DL, and even ML, along with their definitions and use cases.

Cross Entropy — Z v.logitp,) Classification
. Ve I
KL Divergence y. log p_ Classification
c
1 .
Mean Squared Error _Z(yi —p:)? Regression
n
1 .
Mean Absolute Error —Z|yi —p;l Regression
n
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and biases such that this value is reduced. This method is known as stochastic gradient descent

(SGD) and is applied with the following equation:

aoC

t+1) — p® _ ..
0 0 a FYIO)

2.74

where 6 is a parameter of the cost function, C, to be optimised, and a is the learning rate.%8
The variable 8 can be substituted for any of the weights or biases present in the neural

network to be optimised.

However, in DL, there are many different algorithms other than SGD that can be applied to
optimisation of weights and biases. The reason for this varied arsenal of what is known as
optimisers, is that every problem will have its own unique loss landscape. Some loss
landscapes will simply be parabolic in appearance, where there are no local minima and only
a single global minimum. On the other hand, some loss landscapes will have a sprawling
surface with many local minima.®® As a result, different optimisers have been developed to
tackle the local minimum problem. For example, one of the most popular optimisers is the
Adaptive Moment Estimation (Adam) optimiser. Adam uses the concept of mathematical
moments to generate an SGD method which incorporates an adaptive learning rate. Each

iteration of Adam is denoted as:

(t+1)
m
pit+1) — g _ @+ .~ 2.75

v+ 4 ¢
where m and v are the first and second moments of the loss surface with respect to variable
6, a is the adaptive learning rate, and € is a small mathematical constant to prevent a divide

by zero error. These moments and the learning rate are defined as follows:
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mtD =g -m® + (1 - ) 300 2.76
ac *
v+ =g O 4 (1 - B,) '39® 2.77
1 _ pt
attD) = 4© .—1 B2 2.78

(1 -5
where the hyperparameters ; and 3, are the decay rates that control how fast the moments
of the function decrease.”® Overall, using an optimiser like Adam with an adaptive learning
rate allows the weight and bias values to implement large changes at first to avoid local
minima but then also implement small changes when the values need to settle into the global

loss minimum.

2.3.4. Backpropagation
As shown in the previous section regarding gradient descent, for learning in a neural network
to occur the gradients of the loss function with respect to each weight and bias needs to be
calculated. However, in networks with multiple layers of abstraction this is challenging. To
solve this, the backpropagation algorithm was developed. This algorithm allows the loss of a
training iteration to be backpropagated to the weights and biases of any layer via application

of the differential chain rule.”?

Let C represent the cost function, Wilj the weight of the connection between ith neurone in

layer [ and the jth neurone in layer [ — 1, and bf the bias of the ith neurone in layer [. To

ac ac
rand —;
i ob;

need to be calculated for

implement gradient descent the partial derivatives

every combination of i, j, and [. As the name suggests, this is achieved by working backwords
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from the output activations. Let the activation and weighted sum of a neurone in the [th layer

be represented as &f and Eil, respectively, such that

a; = f(zh) 2.79

and

>l 1 21— l
zZ; = Z WU a; L + bi 2.80
J

where f is the activation function of the neurone. Initially, Equations 2.79 and 2.80 are used
to calculate the gradient of the loss with respect to the weighted sum of the individual
neurones in the output layer. As the loss function and activation function will be easily

differentiable, the chain rule can be applied such that:

ac oC dar

i
97F ~ aat 07"

2.81

where L represents the number of layers in the neural network. From here it is then possible
to calculate the gradient of C with respect to the weights and biases in the final layer, L, by

applying the chain rule further.

However, the above logic only covers the final layer. In the intermediate or hidden layers, the
differentials are more complicated as a change in the weights of hidden layers will have an
effect on every activation in the layer that follows it. To overcome this, matrix manipulations
and the fact that all neurones use the summation operator are used to come up with the

following equation:

ac

VA

ac aa
afl+1) R

((Wl+1)T .

where T is the transpose operator.
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Once the ﬁvector has been calculated for every layer in the neural network, these vectors

can be used to find the weight and bias derivatives as follows:

oc  oC 9z} oC _,_,

= o= =7 4 2.83
ow},  oazf ow) o9z

ac _ ac dzf _ acC
ob! 07} ob! 0z 284
With all the gradients being backpropagated, they can be used in gradient descent learning.”*

For example, in Equations 2.74 and 2.75 from the previous Section 2.3.3, the @ is substituted

for every Wl-lj and I;ll from the network.

2.3.5. Autoencoders
AEs are special neural networks that adopt a specific architecture such that the network can
function as a DR agent. The most common use for a neural network, as mentioned previously,
is within classification or regression tasks. However, with this architecture, the neural network
learns to reconstruct input data after transforming the vector through various layers of
abstraction. One of these abstract layers, typically the central hidden layer, has its activation
vector extracted as the low-dimensional representation of the input vector. As such the

architecture adopts an hourglass-like appearance as shown in Figure 2.12.72

To measure the accuracy of the low-dimensional representation, AEs rely on the
reconstruction error. This error is typically calculated using either the mean squared error
(MSE) or mean absolute error (MAE) losses.”®7* A high reconstruction error would imply that
the central activation vector, or latent space, compresses the input vectors so much so that

too little information remains. With too little information preserved in the latent space the
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decoding side of the AE will be unable to accurately reconstruct the input vector. This would

infer that the latent space is therefore not a good representation of the original input space.

As this technique is used for the purpose of DR, they are commonly used to convert high-
dimensional data into low-dimensional representations. In 2006, Hinton et al. demonstrated
how AEs can be used to convert high-dimensional image data into low-dimensional vectors.”
This was done by utilising several popular benchmarking datasets. These include the MNIST
hand-written digits and Olivetti face datasets. Here the embeddings of an autoencoder were
compared to the PCA technique where it was found that the AE could embed images into a

space with better cluster separation between classes.

Figure 2.12
Architecture of an example AE. The flow of values is identical to a FFNN with a fully connected system of
computational neurones. The central hidden layer functions as a secondary output to allow for non-linear

DR.
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2.3.6. Convolutional Networks
Convolutional Neural Networks (CNNs) were the next step in the development of the field of
DL after the FFNN. This development also takes inspiration from biological processes. Here
the aim was to develop a computational model that could replicate the biological concept of
a receptive field.”® After years of development and several different attempts of defining
functional models, researchers eventually settled on CNNs to replicate this behaviour. The
architecture of a CNN can be thought of as a conventional FFNN with an additional block of
layers between the input layer and the first hidden units. This additional block contains two
different types of layers called the convolution and pooling layers. These layers work together
to extract patterns and exaggerate features within the input data such that classification is

enhanced.”’

Today, the convolutional layers operate by iteratively sliding a kernel over the input matrix.

At each kernel position, the following calculation is carried out:

0=Zf(W®X+B) 2.85
where o0 is an element of the output matrix, f(X) is the activation function, W is the
convolutional kernel, X is the input submatrix underneath the kernel’s position, and B is the
kernel’s bias matrix. The size of the output matrix depends on the size of the kernel used, the
step size, and the number of kernels used each layer. Overall, the output matrix will be smaller
than the input matrix on the original axes but will have a larger additional axis corresponding
to the number of kernels used (Figure 2.13a). Each layer can utilise multiple kernels that will
each produce a convolved output which are subsequently stacked into the overall output

matrix.
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Figure 2.13
Demonstrations of the convolution, (a), and pooling, (b), algorithms. The overall architecture of an
example CNN is also shown, (c), where two blocks of convolution, (purple), and pooling, (cyan), feed

into a fully connected FFNN.

Convolutional layers are typically followed by pooling layers which compress the generated
feature maps. The output of convolutional layers is typically much larger than the input layer.
If these feature maps were to be flattened and inputted into the fully connected dense layers
of a neural network, the number weights and biases for this input would be very large. As a
result of this, training will be very slow, and a large amount of computational memory will be
required. The pooling layers fix this issue by compressing each feature map into a smaller
matrix size whilst preserving the overall feature shapes. This is achieved using a similar
method to the convolutional layers where a window of user-defined size is iterated across the

feature maps generating a single value per position. In this case, however, the pool positions
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typically never overlap. Also, at each position the corresponding value is calculated in a
different way depending on the type of pooling used. The most common pooling layer used is
the max pooling layer where the max value at each pool location is calculated and returned to

the next layer (Figure 2.13b).

Overall, the output of the block of convolutional and pooling layers is a matrix consisting of
compressed feature maps that exaggerate latent features of the input data.”’” The output of
the convolutional block is then flattened before being inputted into a FFNN block (Figure

2.13¢).

The applications of CNNs are similar to those of the FFNNs in that they are primarily seen being
applied to regression or classification tasks. However, due to the improved performance that
coincides with the use of convolutional layers, the majority of neural network classification
applications predominantly involves CNNs.”®% For CNNs, their main application is to the
analysis of image data. For instance, in 2010 Krizhevsky et al. developed a CNN architecture
for the classification of 1.2 million images into 1000 classes known as the AlexNet.®! This
network was able to accurately classify images into their respective classes with an error rate
of 37.5%. Whilst this error rate seems high, this value was superior to the previous best

network which produced an error rate of 45.7%.
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3.1. Introduction

As mentioned in Chapter 1, the development of a conductance-based nucleotide classifier has
stalled due to the inherent overlap of electrical signatures.! To reexplore and assess the
potential of this method, this chapter investigates the ease at which nucleotide I(t) events can
be detected using a commercially available ECSTM and demonstrates how ML techniques can

produce accurate classification results despite overlapping distributions.

3.2.  Results and Discussion

3.2.1. Parameter Optimization

Before the potential of a commercial ECSTM for the purpose of I(t) event detection is
investigated, the factors effecting measured noise are characterised. This characterisation
serves to ascertain the validity of measuring nucleotide events based on a predicted SNR. For
this, literature values were collected and compared to reveal an expected conductance for a
molecular signal. The conductance of a nucleotide varies from 1072 to 10° nS which hints
that the magnitude of noise oscillations within STM [(t) traces should have conductance

magnitudes less than the assumed molecular conductance to allow for nucleotide detection.'~

3

In general, noise in an STM can be characterised by three separate contributing classes. These
are the noise contributions due to electronic noise within the STM preamplifier, noise
generated within tunnelling junctions, and noise resulting from fluctuations in the tunnelling
gap size.* For a large proportion of noise contributors there is little that can be done by the
end user of a commercial STM to reduce noise effects. For instance, the electronic noise

generated by commercially available preamplifiers and analogue-to-digital converters are
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inherent to the electrical engineering of the system, and not designed to be modified by users.
On the other hand, there is also a large number of noise contributors that can be managed.
These include noise due to vibrations and electromagnetic radiation, which can be remedied
by vibrationally isolating the tunnelling junction from the ground and utilising appropriate
shielding around electronics, respectively.>® Most notably, the operating parameters of an
STM directly contribute to the tunnelling junction gap size.” As such, these parameters have a
direct influence on the magnitude of measured noise. Therefore, the setpoint and applied bias

operating parameters were subsequently optimised.

0.06 1

0.05 1

0.04 1

0.03 1

0.02 1

Standard Deviation / nA

0.01 1

0.00 1

0.2 0.4 0.6 0.8 1.0
Setpoint / nA

Figure 3.1
Plot showing the relation between the STMs setpoint and the measured noise amplitude. Here the four
separate measurements are shown. Overall, the trend shows an increase in noise as the setpoint is

increased.
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With the STM that is utilised in this work, the setpoint is defined as the target tunnelling
current that the STM should achieve by manipulating the tip-substrate distance. To
characterise this parameter, I(t) traces were sampled at various setpoints in an aqueous
medium. For the I(t) technique to be used on nucleotides, the ECSTM was characterised in the
same aqueous environment as is used during future measurements. Overall, I(t) traces were
sampled on 4 separate days with a new etched tip, analyte solution, and prepared sample
with each trace lasting 5 seconds. On each occasion, I(t) traces were sampled at the setpoint
values of 0.05nA up to 1.00nA in steps of 0.05nA. These traces were sampled with an
acquisition frequency of 2083Hz and a constant applied bias of 100mV. The results of this
study are shown in Figure 3.1. Overall, the relationship between noise magnitude and setpoint
was shown to be positively correlated. Indeed, the higher setpoints yielded noise with a root
mean square (RMS) much larger than the lower setpoints. On average, the difference varies
from a baseline standard deviation of 2.7 + 1.7pA for a 0.05nA setpoint up to 25.6 £ 12.2pA
RMS for a 1.00nA setpoint. Overall, this shows that yielding larger SNRs would require a lower

setpoint to be selected by reducing the noise contributions to the system.

The applied bias parameter is defined as the potential difference applied between the ECSTM
tip and the substrate as mentioned in Section 2.1. As this potential difference directly impacts
the tunnelling current, it also has a secondary effect on the tunnelling gap size (Equation
2.23).2 Therefore, a similar study was carried out where I(t) traces were sampled at various
bias voltages within the range of 0.05V to 1.00V in steps of 0.05V. This was also sampled at a
frequency of 2083Hz. In this instance, the setpoint was kept constant throughout at a value of
0.05nA. The results of this are shown in Figure 3.2. In general, the different values of applied

bias do not appear to significantly impact the magnitude of noise. However, when considering
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Figure 3.2

Plot showing the relation between the applied bias and the measured noise amplitude. Here four
separate measurements are shown. Initially, there appears to be no correlation between applied bias
and noise. However, two of the repeats had severe occurrences of high noise that meant the
experiment could not continue. This warranted further exploration into the effect of the applied bias

on noise using electrochemical techniques.

two of the four runs, there are no data points available for the higher biases. This is due to a
loss in stability during the experiment when applying these higher biases. In these instances,
the experiment could not continue as noise caused the STM preamplifier to saturate whereby
the tip may have crashed into the substrate or the insulating coating of the tip may have
broken down. This behaviour can be interpreted to result from the noise levels being
extremely large at those corresponding biases. Given that this large noise in higher biases only
occurred in two of the four experiments, it would be appropriate to speculate that additional

parameters are interfering with the noise levels that are related to the applied bias. Indeed, a
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third study shows that this instability was a result of the tip and substrate potentials

themselves.

A subsequent investigation was carried out to examine the noise behaviour related to the
applied bias. As stated in Section 2.1.5, there is a continuous range of tip and substrate
potentials that correspond to a chosen applied bias. Therefore, electrochemical control was
introduced such that the tip and substrate potentials can be investigated. Using CV, both the
tip and substrate potentials were characterised simultaneously whilst maintaining the bias
potential. These two CVs are shown in Figure 3.3. Analysis of these CVs show that at certain
potentials the tip and substrate can undergo redox reactions. More specifically, as mentioned

in Section 1.2.1, the gold material of the electrodes will become oxidised at a certain potential

(a) (b)
01- 100 A
< 0.0 b < 0 h
c 3
- _0.1- -
—100 A1
-0.2 1
—200 A
-0.5 0.0 0.5 1.0 -0.5 0.0 0.5 1.0
E/V E/V
Figure 3.3

CVs of both the tip (a) and substrate (b) electrodes measured in a phosphate buffer medium vs a Pt/Ir
quasi-reference electrode. Here it can be seen that at certain potentials faradaic processes occur which
generate electrical current and interfere with I(t) measurements. For instance, the oxidation of the tip

and substrate occurs at potentials above 500mV.
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which induces an electrochemical current. Likewise, once oxidised, another electrochemical
current can be induced by lowering the electrode potentials such that the surface material is
reduced back to gold.® For the above measurements, the oxidation peaks occur around 0.7 V
for both the tip and substrate with a slight difference between the two. These differences
likely stem from the different surface structure where the substrate is single crystal, and the
tip is likely polycrystalline and much rougher. Additionally, the tip electrode’s surface area is
far smaller which could lead to slight differences in peak positions.*° In addition to the redox
peaks, if the surface potentials become too high or too low, gases will begin to evolve causing
even greater electrochemical currents.'*2 This can be seen in Figure 3.3a where the voltage
fringes show the beginning of large faradaic currents. Lastly, an additional reduction peak can
be seen within Figure 3.3a at around -0.1V where dissolved oxygen molecules within the

electrolyte become reduced.'?

All of these features are especially problematic for the tip electrode as the tip current is
measured for both CV and spectroscopy techniques. A large electrochemical current at the tip
electrode will cause the piezo actuators to move the tip such that the setpoint is re-established.
This has a knock-on effect of greatly increasing noise in the tip current. Therefore, to reduce
noise contributions due to electrochemical reactions, the tip and substrate potentials should
be adjusted such that faradaic processes do not occur whilst simultaneously achieving the

desired bias voltage.

3.2.2. Distance Calibration
Forming molecular junctions between the STM tip and substrate requires an appropriate tip-

substrate separation. This is demonstrated with the I(s) spectroscopy techniques. Previously,
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in Section 1.1.1,the schematic of a typical STM-BJ trace was presented. Here it was shown that
the molecular signature, known as a plateau, only manifests at a specific withdrawal distance.
More specifically, at an electrode separation that is too small, tunnelling current dominates
and there is no effect of molecular binding. Additionally, at an electrode separation that is too
large, molecules cannot physically bridge the junction thus resulting in no molecular binding
events. Therefore, for the purpose of aiding junction formation, it would be appropriate to
select values for the setpoint and bias parameters such that the electrode separation matches

the dimensions of the molecule of study.4

However, ascertaining the distance between the tip and substrate in an STM in constant-
current mode is not trivial. The instrument utilises the tunnelling current to infer a physical
distance. Once approached, the STM measures voltage applied to the z-piezo to measure the
topography of the surface being studied. However, this topography measure is relative to the
piezo’s range and not a measure of distance to the surface. Consequently, the relationship
between tunnelling current and tunnelling distance within the medium of study was explored.
This investigation utilised the “soft-contact” I(s) spectroscopy technique along with tunnelling

theory to map the tunnelling current to the electrode separation distance.

During an STM experiment the tunnelling setpoint and applied bias are known meaning
Equation 2.23 can be used to produce an effective mapping of tunnelling current to inter-
electrode separation by experimental determination of the decay constant. To determine this
tunnelling decay constant, 3, three separate experiments were carried out where 1000 I(s)
traces were sampled. On each occasion, the setpoint was set to 8nA before withdrawal of the

STM tip by 4nm at a rate of 4nm/s. A delay of 15s was used between each trace to measure
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the decay throughout a long time period. This allowed any variations between the time of
measurement to be visualised. The applied bias was set to -100mV whilst constraining the tip
and sample potentials within “quiet” regions of their CV profiles. After sampling, the measured
exponential decays were plotted on a logarithmic scale. These logarithmic graphs had linear
fits applied using least squares regression such that the gradients could be extracted (Figure
3.4). Based on Equation 2.23, it can be shown that the logarithmic graph should indeed be a

first order polynomial with the gradient representing the decay constant, S:

In(ly) = In(GyV) — Bs 3.1

(b)

Current / nA
Log Current

0.0 0.2 0.4 06 0.8 1.0 0.0 0.2 04 06 08 1.0
Distance/m 1le-9 Distance/m 1le-9

Figure 3.4
Plot of five example decay curves sampled using I(s) spectroscopy. Distance axes were limited to a
maximum of 1nm. These are shown on both a linear (a) and logarithmic (b) scale. Additionally, an

example linear fit is shown on the logarithmic plot from which decay constants are extracted.
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Applying this procedure to all I(s) traces yielded three sets of 1000 values for 5. Each of these
sets were cleaned by removing any traces that failed to reacquire the setpoint or failed to
reach the noise floor of tunnelling current. After this filtering a total of 2986 traces remained
(Figure Al.1). For more information on I(s) spectroscopy cleaning methods the reader is

referred to Chapter 5.

Subsequently, the null hypothesis was tested for the three sampled beta distributions. A one-
way ANOVA test was implemented which yielded a p-value of 2.4 x 107195, As this value is
lower than the 0.05 threshold, the null hypothesis is believed to be true such that the three
distributions are pooled prior to further analysis. The pooled distribution is shown in Figure

3.5. This distribution was found to be normally distributed with a mean decay constant of 8.16

160 -

140 -
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100 -

80 1

Counts
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40 -

20 A1

4 5 6 7 8 9 10
Beta / nm™?

Figure 3.5
Histogram of measured values for the decay constant, B, pooled from the three experiments. A

Gaussian fit is applied as shown (red), to extract an average and standard deviation.
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nm and a standard deviation of 0.54 nm™. The goodness of fit was found to be 6.28 x 107>

when applying a Kolmogorov Smirnoff test.

Using this decay constant, any combination of setpoint and applied bias can be mapped to a
corresponding electrode distance. For instance, a setpoint of 1nA and an applied bias of
100mV corresponds to an electrode separation of 1.10nm. When considering the distribution
of the measured decay constant this gives upper and lower bounds of the electrode separation

of 1.18nm and 1.03nm, respectively.

3.2.3. Measurement of Ribose-Adenosine Monophosphate

To explore whether these noise and distance optimisation preliminary studies provide any
insight into how to improve the STM I[(t) technique, an example measurement of rAMP
molecules using the I(t) technique was conducted. Previously, it was suggested that the
tunnelling junction size should be set to match the size of the molecule under study as this
behaviour is seen in I(s) spectroscopy. In Figure 3.6, the molecular structure of rAMP is shown.

Here, for the shown snapshot of the molecule, the largest interatomic distance is 12.58A. From

Figure 3.6
A 3-dimensional model of rAMP produced using the software Jmol. The distance between the most

separated anchor points is measured and shown.
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Table 3.1
Setpoint values implemented within the I(t) technique alongside their corresponding distances that were

calculated via experimental determination of the tunnelling decay constant.

0.01 1.66 £0.11
0.10 1.38 + 0.09
1.00 1.10 + 0.07
2.00 1.01 + 0.07
3.00 0.96 + 0.06

this it can be inferred that effective capture of the molecule in this orientation requires the
electrode separation to be roughly 12.58A. Setting the electrode distance to be more than this
value should result in no molecular events being captured. However, setting the electrode
distance to be shorter may capture the molecule in a different orientation. That being said,
there would be a limit on how small the separation can be before the overall tunnelling current

dominates and enshrouds the molecular signature.

To test these assumptions, five experiments were performed. For each experiment, I(t) traces
were sampled at varying setpoints whilst maintaining the applied bias at -100mV. The chosen
setpoints and their corresponding distances are summarised in Table 3.1. For each setpoint,
500 traces were sampled at a rate of 25kHz over one second each. After sampling each trace
was then analysed using an amplitude thresholding approach for event detection. Briefly,
values that are more than three standard deviations from the experimental average are
flagged as anomalous. More information on the details of this event searching algorithm, as

well as other algorithms and the challenges of finding events, are outlined in Chapter 4.

Manual inspection of the detected events reveals events with differing characteristics. Figure

3.7a shows a series of sampled events that, directly after each event, feature a brief ‘anti-

99



(a) (b)
0.18 ~ .

0.16 1 .
0.14 - .
0.12 ~

0.10 fymt?

0.08 1

Current / nA

0.06 - -

0.33 0.34 0.35 0.36 0.19 0.20 0.21 0.22
Time /s Time /s

Figure 3.7
Example events (red) detected at a setpoint of 0.1nA and 0.1V applied bias. (a) shows events that are

considered to be true positives events, whereas (b) shows events that are considered to be false

positives. Shown events are seen to be comparable in height.

event’ where the signal magnitude is briefly reduced. This can be physically explained by the
STM being in constant-current running mode. This means that a boost in current resulting
from a molecular binding event will result in the STM attempting to re-establish the setpoint.
Consequently, the STM tip will retreat from the surface and cause the molecular junction to
break. The analyte would then leave the surface. Overall, the measured signal will drop to a
level lower than the setpoint, as observed. Subsequently, the STM will reapproach the surface
to reacquire the setpoint once again. Alternatively, when looking at events with a similar
height, an example of different characteristics can be seen (Figure 3.7b). Here the surrounding

noise gradually ramps up before events are detected. As the shape of the event appears
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sinusoidal, and the ramping and decaying noise features are present either side, it would
suggest these events can be attributed to an increase of noise due to either electrical or
vibrational noise.*** It is also possible that these features are artefacts of the operation of the
STMs servo as well where a binding event has occurred and caused “ringing” due to PID
controller overshoots. These cases highlight the reasons for why it is desirable for the STMs
servo to be disabled during the operation of this technique. Unfortunately, this was not
possible with the instrument used as vertical drift of the tip along the z-axis was substantial

when the servo was disengaged.

From this manual inspection, it was concluded that within the set of detected events there is
likely events present that do not manifest from molecular binding. In an attempt to separate
the true binding events from the false positives, the traditional approach of viewing
distributions of event heights and durations was employed. The results of this analysis are
shown in Figure 3.8. Here the two properties of the found events are shown. These are the
event duration calculated using the difference in time between the start and the end of an
event, and the event height calculated as the setpoint subtracted from the median of

datapoints within an event.

A number of observations can be made from the distributions and relationship of these two
properties. Firstly, it can be seen that the height and duration of events are dependent on one
another. This relationship is best demonstrated in the datasets sampled at 3.0, 2.0, and 1.0nA.

Here, there is no existence of events that are both high and long in terms of height and
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duration (Figure 3.8c-e). Indeed, any event with a height greater than 0.5nm is very unlikely

(a) < 1.0 0.10 0.10
£ ° @
% 0.5 - § 0.05 - § 0.05
o v v
T .
0.0 Pl | 0.00 - 0.00
(b) < 1.0 0.10 0.10
£ I @
§05- §o.05- §o.05
‘D v v
I
0.00 4 0.00
(c) < 0.10 0.10
= 0n [1)]
- = =
% 3 0.05 4 3 0.05
‘S (¥] O
I
0.00 4 0.00
(d) < 0.10 0.10
(= n n
- t t
% 3 0.05 - 3 0.05 -
D ) ) .
==
0.00 - 0.00 -
(e) < 0.10 0.10
o 0 n
% 3 0.05 4 3 0.05 4
o v v I I
I
0.00 4 0.00 4
0 1 2 0 1 2 0.0 0.5 1.0
Duration / ms Duration / ms Height / nA
Figure 3.8

I(t) technique results for detecting rAMP at various setpoints. Results are arranged in columns showing
event duration vs height scatter plots (left), event duration distributions (middle), and event height
distributions (right). Each row is labelled (a-e) which correspond to the setpoints: 0.01, 0.10, 1.00, 2.00,
and 3.00nA, respectively. Five statistical repeats are shown for each setpoint, such that the repeats 1-

5 correspond to the colours blue, orange, green, red, and purple, respectively.
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to have a duration greater than 1ms. Additionally, any event with a duration greater than 1ms
has a small likelihood of having a height greater than 0.5nm. The next observation can be
inferred from the event duration distributions. Here it can be seen that for every setpoint, the
expected event duration would fall within the range of 0.1ms — 0.5ms. However, it can also be
seen that some of the distributions are multi-modal. For instance, the second repeat (orange)
sampled at a setpoint of 0.1nA has a second peak manifesting around 0.8ms (Figure 3.8b). This
behaviour is also seen in the 1.0nA dataset (Figure 3.8c). The final observation can be stated
when considering the event heights at lower setpoints. Within the traces sampled at 0.1 and
0.01nA, it can be seen that no events exist with a height greater than 0.3nA (Figure 3.8a-b).
This behaviour agrees with the previous assumption that electrode separation greater than
the physical dimensions of the analyte would yield no binding events. However, it is also true
that having a lower setpoint will result in less electrical noise being generated by the scanner

electronics.?

In addition to analysis of event heights and duration, a comparison of the event frequencies
with respect to setpoint is made (Figure 3.9). Counter to the above reasoning, there appears
to be little effect of setpoint on the number of detected events. When considering the
frequencies at 0.01nA, it can be seen that there is a relatively large error. This can be explained
by the event detection algorithm. As the algorithm relies on the standard deviation of traces
to find events and the traces at lower setpoints have smaller standard deviations, this means
that the detection algorithm will be more sensitive to deviations from the trace means. This
increased sensitivity will mean that more noise events will be falsely flagged as true binding

events and will have measured event frequencies that pick up more subtle noise differences
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Figure 3.9

Comparison of event frequencies at different setpoints with error bars corresponding to 95% confidence
intervals. Frequencies are calculated as the number of events extracted divided by the total time
sampled in seconds. It can be seen that setpoint has little effect on the event frequency with no setpoint

being statistically different from another.

between repeats. This shows a limitation with the current event finding algorithm which is

further explored in Chapter 4.

In summary, it can be concluded that utilising an ECSTM in this manner, where setpoint and
bias are set such that noise contributions are reduced whilst maintaining an appropriate
electrode separation distance, is an appropriate method for capturing I(t) events with relative
ease. The successful measurement of I(t) events does, however, present the next challenge of
both finding I(t) events within traces, and the subsequent separation of true positive events

from false positives. In this chapter, the traditional approach of event analysis was
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demonstrated whereby the distributions of extracted event properties were compared. This
approach, whilst suggesting the presence of multiple populations, did not present any obvious
separation between events of different shapes which showed a limitation of the traditional
analysis process. As detected events result from a complex process, the I(t) events possess
intricate shapes that are described by a large number of variables. The previous statistical
approach to analysis of datasets like these is ill-suited as a reduced number of variables is
required for analytical ease. For instance, the statistical approach only investigated two
variables: the event heights and durations. Because of this, the assumption that different
event populations will possess different heights and durations was held, which may mislead
analysis. Therefore, new methods for event detection and event separation are required.
Instead, ML techniques would be better suited as these techniques are not hindered by large
numbers of variables and would avoid any statistical assumptions. As such, alternative
approaches to the detection of anomalies are explored in Chapter 4, and alternative
approaches to the unsupervised separation of populations within datasets are explored in

Chapter 5.

3.2.4. Machine Learning Analysis of I(t) Events

Given the previously discussed difficulties surrounding event detection, the extraction of true
events from experimental data is not currently possible. However, as the second goal of this
chapter is to prove that ML can provide analysis methods to accurately classify datasets with
overlapping properties, analysis continued with a simulated dataset. Using a simulated
approach allowed events from different classes to have properties that overlap to a specific

degree. Additionally, as a simulation can track the true event locations, using a simulation
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allows those events to be pulled from I(t) traces with 100% accuracy with no risk of yielding

any false events.

The simulated data was constructed by first simulating event-free “empty” traces. These
empty traces were developed to mimic behaviours seen in experimental data. Traces were
initialised by choosing a setpoint and sampling a normal distribution of points around this
value to model noise. For simplicity, the setpoint was simulated to be 0.0nA. Each trace was
then initially constructed by sampling 25000 points from a normal distribution with a mean of

0.0nA and a standard deviation of 0.005nA (Figure 3.10a). This simulation is, however, a very
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Example section of a simulated blank trace. Four steps in the construction process are demonstrated.
(a) shows the initial Gaussian noise, whereas (b) shows the generated sinusoid with amplitude and
frequency modulation. These are combined to generate what is shown in (c). Lastly, noise events are

incorporated to yield the final blank trace shown in (d)

106



simple approximation of experimental traces. Therefore, additional features were added to
these simulated traces. The first main additional feature was the incorporation of sinusoidal
noise. This sinusoidal noise features frequency and amplitude modulation to give traces noise
whose amplitude can vary over time within the same trace (Figure 3.10b-c). The second
feature of the trace incorporates noise events. These are square wave pulses that are similar
to other true events and serve as potential false positive obstacles for event searching. All
three of the baseline Gaussian noise, sinusoidal noise, and noise events were added together
to provide the end empty traces (Figure 3.10d). For more details on the simulation algorithm,
the interested reader is referred to the materials and methods Section 3.4.2. An additional
figure displaying the autocorrelation of the baseline noise is also presented within the

appendix (Figure A1.2).

After construction of trace baselines, the simulation adds in I(t) events that correspond to a
molecular binding event. To do this, the same logic for embedding noise events is used, but
with different values for the event’s height, duration, and current modulation. To be more
specific, the event generation algorithm iterates through a given baseline trace. On each
iteration a random number is uniformly generated between zero and one. If this value is less
than a specified event chance an I(t) event is generated at this location. The event duration is
sampled from a normal distribution with a user-defined average and standard deviation. An
event height is also sampled from another normal distribution with user-defined parameters.
This event height is subsequently plugged into a third normal distribution as the parameter
for its average with the standard deviation being defined by yet another normal distribution
with user defined parameters. The complexity of generating events results in no two events

having the same height, duration, nor distribution of current values during the event. The
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purpose of this randomisation of the intra-event currents was to provide a unique pattern of

Table 3.2

Summary of simulation event generation parameters used by each of the 5 classes.

d

Class f o4 h (3 c o,
Phos 20 2 0.5 0.025 0.001 0.001 0.0000
rAMP 20 25 5 0.050 0.005 0.006 0.0012
rTMP 15 30 6 0.070 0.007 0.004 0.0008
rCMP 10 20 4 0.040 0.003 0.009 0.0018
rGMP 20 35 7 0.070 0.009 0.001 0.0002
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Figure 3.11

Traditional analysis results of simulated events. Both the central scatter plot of the event durations vs event
heights and the marginal histograms show that the event properties have considerable overlap. This shows

that the simulation offers a difficult classification task.
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values for each event that would not be seen by the traditional analysis techniques. More

details on the event creation process are outlined in the materials and methods Section 3.4.2.

A dataset was created using the above simulation. This dataset consisted of five classes to
represent the four nucleotides and a control class (Figure Al1.3). The values used for the
simulation’s normal distributions are summarised in Table 3.2. Upon creation of the dataset,
the traditional statistical approach was employed for analysis. This involved studies of the
event heights and durations to represent the difficulty in separating each class based on
traditionally used methods. The measured event properties, as well as the distributions
specified in the simulation are shown in Figure 3.11. From this, it can be seen that the event
heights and durations overlap considerably, which is synonymous with the findings of the

literature. 121617

For the purpose of testing different classification algorithms, the following methods were
chosen, a naive Bayesian classifier (NBC), a KNN classifier, a Random Forest Classifier (RFC), an
SVM, a FFNN, and a CNN (Figure 3.14). The NBC was chosen to give an initial insight into how
statistical analysis of the event distributions would perform. From this baseline, classifiers
were chosen with increasing complexity whilst also investigating those that have been

previously mentioned in the literature.'8®

As each event has a varying duration, their vector representations will have different
dimensionalities. Therefore, all events were padded with zeros such that each event had the
same number of features. The dataset was split into a training and testing set such that the
test set contained 5% of the dataset. The data points were chosen, for each set, at random

whilst maintaining the same class balance. Each classifier was subsequently trained on the
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training set and benchmarked using the test set. The metrics chosen were the model’s
accuracies, their subsequent confusion matrices, and the Matthews Correlation Coefficient
(MCC).2° The results of each method are summarised in Table 3.3 and Figure 3.12. Upon

inspection of the MCC scores, it can be seen that the worst performing method is the NBC

Table 3.3

Classification results of the chosen ML agents. The chosen classification metrics shown are accuracy and

MCC.
NBC 0.487 0.397
KNN 0.781 0.722
RFC 0.946 0.931
SVM 0.800 0.747
FFNN 0.804 0.752
CNN 0.950 0.937
NBC KNN RFC
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Confusion matrices for each of the tested ML classifiers. The most successful agents were found to be

the CNN and RFC agents.
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method. This reinforces the notion that classical statistical methods are insufficient for this
task as a method that uses Bayesian statistics cannot distinguish between classes due to large
overlaps in their distributions. The next most accurate models are the KNN, SVM, and FFNN
classifiers with each attaining an MCC score of roughly 0.74. Lastly, the most accurate
classifiers were the RFC and the CNN models which were both able to score an MCC value
around 0.93. This is an impressive classification score as the overlaps in event properties
would be a strong factor for one to believe that classification would be impossible. Another
interesting result presents itself when comparing the performance of the RFC and the CNN.
Here, a standard ML technique was able to achieve an accuracy that is comparable to a
popular DL agent, a CNN. This proves that extraordinary results can be achieved by standard

ML techniques without having to resort to more complicated neural network techniques.

Upon inspection of the confusion matrices in Figure 3.12, it can be seen that, indeed, RFC and
CNN have high classification accuracies with the majority of the population of their confusion
matrices being located on the diagonal. However, when considering the KNN, SVM and FFNN
classifiers, it is apparent that most of the classification confusion is caused between the rTMP
and rGMP classes. This is understandable given that these two classes have the most overlap
when looking at their height and duration distributions (Figure 3.11). However, when
considering the NBC, confusion is very unsymmetrical. For instance, the NBC has a 70% chance
of incorrectly classifying a rAMP event as a rCMP event but also has a 100% rCMP event
classification accuracy. This shows that the NBC has a high propensity for choosing rCMP as
the predicted class. This is surprising given that the rCMP class has the fewest training points
within the dataset. This type of behaviour can also be seen for the classification of other

classes with the NBC algorithm.
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3.3.  Conclusion

In summary, the goal of the studies present in this chapter was to demonstrate that utilising
tunnelling current based techniques for SM sensing could be a viable strategy that requires
more investigation. To do this the example of nucleotide classification for a potential
sequencing technology was used. Demonstration of this potential was split into two sub

projects of nucleotide sensing using an ECSTM, and then classification of I(t) events.

The first goal of measuring nucleotides using the STM I(t) technique was achieved. Whilst
successful, it is however a very difficult process with a considerable amount of noise
characterisation and repeats being required. To be able to measure events with a reasonable
reliability, it was required to characterise the ECSTMs noise relationship with the setpoint,
sample bias, and electrode potential operating parameters. Additionally, these parameters
will have to be tailored to account for the physical dimensions of the molecule of study. All of
the above factors make this a non-trivial process. Given this preliminary success in achieving
nucleotide detection, future work should shift towards acquiring more statistical repeats to
provide a more concrete defence that this procedure is successful. In addition to this, it is also
recommended that an ECSTM with greater noise dampening capabilities be used such as one

capable of achieving a more constant tip-substrate separation.

The recommendation for future study within this area is motivated further by the successful
classification results using simulated data. Here, an I(t) simulation was devised to incorporate
findings within the literature with regards to nucleotide event properties, whilst providing a
difficult classification challenge. Previously, in the literature, ML applications have only been

able to apply agents such as SVM to experimental data, with simulated data challenges having
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had DL techniques such as CNNs applied to entire section of traces containing I(t) events.
Following this trend, the second goal of this chapter reinvestigated Al techniques for I(t) event
classification. Here a broader range of different ML techniques was used and compared. It was
found that an RFC and CNN were both able to classify I(t) events with a 95% accuracy when
more traditional techniques would fail. Therefore, this chapter concludes that ML would be a

viable solution to the classification problem present in the sequencing by tunnelling field.

3.4. Materials and Methods

3.4.1. Scanning Tunnelling Microscopy

For the purposes of carrying out the I(t) and I(s) experiments, an Agilent 5100 series ECSTM
was employed. The setup also featured a scanner operating at a sensitivity of 10 nA/V allowing
for a maximum measured current of 10nA. To accompany this, a molecular imaging

bipotentiostat was used to allow for electrochemical control.

3.4.1.1. Substrate Preparation

The substrate used for both I(s) and I(t) experiments takes the form of a Au(111) disc. Before

use in the ECSTM a cleaning procedure is carried out.

Before each experiment the substrate is first electrochemically cleaned. The substrate is
immersed in a solution of 0.5M sulphuric acid whilst applying a DC voltage of 5V between itself
and a counter electrode of the same material. This voltage is held for 30 seconds until the
surface of the substrate has been oxidised. Next the substrate is immersed in a solution of
1.0M hydrochloric acid. This dissolves the substrates surface oxide layers resulting in a fresh
surface. Any residues are then washed off using ultrapure water (18MQ). This process is

repeated three to five times.
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Finally, the substrate is flame annealed. To flame anneal, the substrate is heated by a
hydrogen flame until the substrate glows red. The substrate is kept at this temperature for a

minute before being cooled in a nitrogen environment.

In addition to cleaning the substrate, cleaning of the cell that holds the substrate in place is
also carried out. Here a cell made of Teflon is first heated in concentrated sulphuric acid for
30 minutes. After this, the Teflon along with any acid resistant tweezers and additional
glassware is immersed in a solution of acidified potassium permanganate for a minimum of
12 hours. After this the solution is drained and each component is rinsed three times using
ultrapure water (18MQ) before being immersed in the water. Roughly 25ml of a dilute mixture
of 1:3 hydrogen peroxide and sulphuric acid is then added to dissolve any organic residues
remaining on any components. This is left for 30minutes to ensure all organic matter is
decomposed. Lastly, the cleaning solution is drained, and components washed again using

ultrapure water before then being boiled in ultrapure water three times.

3.4.1.2. Tip Preparation

For a successful STM experiment, a piece of metal wire with an, ideally, atom sharp tip is
placed into the nosecone of the scanner head. To create this tip a 2cm piece of gold wire with
a 0.25 mm thickness is cut. This piece of wire has roughly 1mm of wire immersed in an etching
solution of a 1:1 mixture of ethanol and hydrochloric acid. A voltage of 12V is applied between
the gold wire and a platinum counter electrode. The tip is removed once the current drops to
0A. The immersed end of the wire is then washed in ethanol and ultrapure water (18Q) before

being placed under a microscope to assess the sharpness of the tip. If the tip is sufficiently
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sharp without any warping, and has no contamination, the tip is embedded in a foam holder

inside a container such that the tip is not damaged during transit.

An additional step is taken to coat the tip when utilising electrochemical control. To do this a
small piece of ethylene-vinyl acetate (EVA) copolymer is melted on a metal surface over a
small, millimetre scale hole. A previously sharpened tip is then place into a pin vice mounted
on a vertical actuator located below the hole. The tip is slowly raised up through the bottom
of the hole through the melted EVA copolymer to a height such that roughly 1cm of the tip’s
length is coated. The tip is then lowered back through the hole to yield a fully covered tip.
However, STM experimentation requires that the very apex of the tip is exposed for tunnelling
current to be measured. To re-expose the apex of the tip the opposite end of the wire is gently
heated using a propane torch. This gentle heating causes the EVA copolymer to melt and
shrink away from the apex thus revealing the tip. During this heating process, the tip is
constantly checked under an optical microscope to ensure an appropriate amount of tip is
exposed. This completed tip is then washed with ultrapure water (18MQ) and stored as

described above.

3.4.1.3. Sample Preparation

All experiments utilised a 0.1M phosphate buffer liquid medium. A 200ml stock solution was
created by mixing 1.165g of anhydrous potassium phosphate monobasic with 3.097g of
potassium phosphate dibasic in a solution of 100ml of ultrapure water (18Q). The volume was

then made up to the desired 200ml using more ultrapure water.

A 1ml stock solution of 5mM rAMP was created by dissolving 1.74mg of adenosine 5’-

monophosphate sodium salt in the 0.1M phosphate buffer solution. From this concentrated
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stock, a 100ul solution of the desired 100uM concentration was made by mixing 2ul of 5mM

stock with 198pl of 0.1M phosphate buffer solution.

3.4.1.4. STM Assembly

To set up an experiment, an STM tip is first washed in ultrapure water (18Q) before being
mounted in the scanner. This scanner is then plugged into the microscope body and clamped
in place. Next, the STM sample dish is assembled. To assemble, the cleaned substrate is placed
in the middle of the trays conductive plate. The tray is then mounted into the microscope
being careful not to make contact with the mounted tip. The sample tray is then manually
brought closer to the tip by adjusting each of the trays mounts until the tip-substrate distance
is roughly equal to the width of the tip (250um). The tray is then removed from the microscope

after the above distance has been set, so the electrochemical cell can be attached.

The cleaned cell is screwed to the conductive plate such that the substrate is visible in the
centre. The reference and counter electrodes (Pt/Ir) are cleaned and subsequently mounted
on the sample tray. These are placed such that the electrode tips are in close proximity to the
sample. To clean these electrodes, they are flamed using a propane torch until the wires
brightly glow before being mounted. After the electrochemical cell is attached and the
electrodes fitted, electrochemical control is switched on using the controlling software. Next,
the solution of study is aliquoted into the cell such that the substrate surface is covered as
well as both the refence and counter electrodes. The measured potential of the substrate is
then compared to the desired potential to ensure that electrochemical control is functioning

as desired.
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Lastly, the sample tray is remounted into the microscope taking care not to touch either of
the reference or counter electrodes to the STM tip, whilst also taking care not to crash the tip
into the substrate. If successful, the setup is then ready for approach and subsequent

experimentation.

3.4.2. |(t) Simulation

As previously stated in Section 3.2.4, the I(t) simulation can be split into two parts: baseline
construction; and event construction. Here it was specified that the baseline is comprised of
three components, the Gaussian noise, sinusoidal noise, and the noise events. The Gaussian
noise was generated by sampling 25000 points from the normal distribution, N(0.000, 0.005).
The sinusoidal noise was more complicated to generate as it featured both frequency and
amplitude modulation. Let the sinusoidal noise be represented by S such that:

S(t)=AM(t) * A* sin(FM(t) *F xt + @) 3.2

where t is the time within the trace, AM(t) is the amplitude multiplier at that time, A is the
amplitude of the noise, FM(t) is the frequency multiplier at that time, F is the frequency of
the sinusoid, and ¢ is the phase of the sinusoid. The unmodified amplitude, frequency, and

phase of the noise are sampled once per trace from the following distributions:

A =N(0.01,0.005) 3.3
F = N(500,100) 3.4
@ =U(0,2m) 3.5

where U is a uniform distribution. However, the amplitude and frequency multipliers are not

constant per trace and are given by the following equations:

AM(t) =1+ N(0.5,0.05) = sin(AMM(t) * t + U(0, 2m)) 3.6
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AMM(t) = N(5,1) *sin(N(10,2) =t + U(0, 2m)) 3.7

FM(t) = 1+ N(100,10) = sin(FMM(t) = t + U(0, 2m)) 3.8

FMM(t) = N(10,2) *sin(N(10,0) = t + U(0, 2m)) 3.9
It is important to note that, likewise to S, the normal and uniform distributions within the
functions for their amplitudes, frequencies, and phases are only sampled once and then used
as a constant for every value of t. Examples of the resultant components are shown in Figure
3.13. After the incorporation of the sinusoidal noise, noise events are subsequently
incorporated. This process is identical to the event generation component as described below
which means that for each dataset event generation occurs twice. Once for the noise events,

and then again for the molecular binding events.

The event generation component of the simulation proceeds as described in Section 3.2.4. For
clarity, each event samples from the previously described normal distributions to obtain the
following parameters: event height, h, and event duration d. With the sampled height and
duration, the simulation then overwrites the points after the event start with a sampled array

of values given by the function, C. This logic can be shown as follows:

h = N(h, o) 3.10
d=N(d,oyp) 3.11
C = N(h,N(T,0.)) 3.12

Here, the function, C, that is used to populate the current values during an event is a normal

distribution whose standard deviation is sampled from another distribution per event. This
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Example sinusoid construction for background noise. (a) and (b) show the frequency and amplitude

modulation traces that are used to generate the sinusoid shown in (c).

yields six total parameters for describing the behaviour of each event, with a seventh

parameter controlling the event frequency.

3.4.3. Machine Learning

Programming of the data analysis processes was carried out using the python programming
language with a virtual environment being managed by anaconda. The environment features
common data science packages such as numpy (v1.23.3), pandas (v1.4.4), scipy (v1.9.1),
matplotlib (v3.5.2), and seaborn (v0.12.0). All analysis scripts were composed in either python
files or jupyter notebooks. ML analysis made use of the scikit-learn packages (v1.1.2) for all
non-neural net-based models whereas the neural network programming utilised the

tensorflow packages (v2.10.0), (Appendix 4).
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The NBC was implemented by utilising the GaussianNB class provided by scikit-learn which
holds the assumption that each classification group is normally distributed. For fitting, no prior

probabilities were set, and all parameters were left as their default values.

The KNN classifier was implemented using the KNeighborsClassifier class provided by scikit-
learn. Here, the k parameter was optimised by iteratively searching through the range of 1 to
1000 (Figure A1.4). The optimum parameter was found to be a k value of 196 as this yielded

the highest MCC score. All other parameters were left as their default values.

The RFC was implemented using the RandomForestClassifier class provided by scikit-learn.
Here the number of trees within the forest was optimised by iteratively searching through the
range of 1 to 200 trees (Figure A1.5). The optimum number of trees was found to be 75 as this
yielded the highest MCC score. All other parameters were left as their default which included

the use of the Gini Impurity for the loss function and no limits to the maximum tree depth.

The SVM classifier was implemented using the SVC class provided by scikit-learn using all
default parameters. These default parameters include the use of the radial basis function as

the model’s kernel function.

Lastly, the FFNN and CNN were both implemented using the functional APl of TensorFlow.
More specifically, Keras was used to construct the different architectures which are displayed
in Figure 3.14. Both models used the sparse categorical crossentropy (SCC) loss metric and
were trained using the Adam optimiser with a learning rate and decay rate of 5 X 10~> and

1 x 107° respectively.
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Figure 3.14

Summary of neural network classifiers. (a) and (d) show the network architectures of the FFNN and CNN
respectively. These show the used activation functions and the output dimensionality for each layer. (b) and
(e) show the SCC validation loss at each epoch during training for the FFNN and CNN respectively. (c) and (f)
show the SCC training loss at each epoch during training for the FFNN and CNN respectively.
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Chapter 4

Time Series Anomaly Detection with a
Low Signal-to-Noise Ratio
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4.1. Introduction

One of the main challenges within the field of data science is the challenge of anomaly
detection. The ability to detect outliers within a time series is crucial for both data cleaning,
and sensing applications. Because of this, considerable research has investigated different
methods for accurately locating anomalies.™ Within the field of SM science, there are several
sensing techniques that produce data in the form of a time series. Most notably, the STM I(t)
technique® and RPS’ both produce traces of signal vs time data that contain brief periods of
interest. As such, locating these regions of interest presents a suitable challenge where

anomaly detection techniques could be of benefit.

The challenges of finding events within an STM [(t) trace were previously discussed in chapter
3 when attempting to extract events resulting from rAMP binding. Because of this difficulty,
this chapter aims to explore various methods of anomaly detection with the goal of improving
detection accuracy at lower SNRs. To carry out this investigation, another I(t) simulation was
defined to initially provide an appropriate tool for testing detection at user defined SNRs. With
this simulation, anomaly detection was investigated with four different techniques. These
were named as the: amplitude thresholding, zero-crossing, convolutional AE, and moving
average methods. Details as to how each method works, their limitations, and any additional
challenges that resulted are stated and compared to conclude which method is superior for

anomaly detection in this use case.
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4.2. Results and Discussion

4.2.1. Simulation

Another signal vs time simulation was constructed to mimic the appearance of experimental
I(t) technique traces. However, in this case the nature of noise was simplified such that the
SNR between the background and anomalous events could be tuned with greater precision.
This simulation generates a blank (event-free) background trace with a user-defined length of
normally distributed points centred around zero. From here events are placed into the traces.
Event locations are generated in the same way as described in Section 3.2.4. Subsequently,

the event height, h, is calculated using a desired SNR and the following equation:

h =SNR * o 4.1
where g is the standard deviation of the background current. This event height value is added

to points stated to lie within an event.

Using this simulation, 10 traces of 1,000,000 data points were generated at various SNRs. In
total, 7 different SNRs were chosen along with an eventless reference set to yield 80 total
traces. The values for the SNRs were chosen as 10, 5, 2, 1, 0.5, 0.25, and 0.1. For each trace,
parameters were selected such that the only unique property between different classes was
the SNR. To summarise, a standard deviation of 1pA was chosen for the noise level of the
background, and the event duration for every class was set by sampling from a normal
distribution with mean and standard deviation of 1000 and 20, respectively. Figure 4.1
demonstrates example events generated at different SNRs as well as a comparison of the
distribution of points both during and outside of events. Upon inspection of these

distributions, it can be seen that at larger SNRs there is little to no overlap between the
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Figure 4.1
Figure showing a comparison of example events produced by the simulation, (a), as well as a
comparison of the distributions of current values within events and the background, (b). Here the

background is shown (blue) as well as two events with different SNRs of 2 (orange), and 5 (green).

distribution of event and background data points (Figure 4.1b). However, when considering
an SNR below 5, the overlap between these distributions becomes significant which would

make perfect separation challenging.

4.2.2. Amplitude Thresholding

The amplitude thresholding technique was initially implemented to showcase the challenges
of anomaly detection and benchmark the technique used previously in Chapter 3. As described,
this technique works by flagging points as anomalous if they are a number of standard
deviations from the mean value. The values for this mean and standard deviation are
calculated using all of the background, eventless, traces. For event detection, the algorithm

functions by iterating through a trace and checking each value sequentially. If a value is above
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the chosen threshold, a subroutine is called. This subroutine scopes both forward and
backward from the initially flagged point in the same iterating fashion. The subroutine will flag
a point as being the start or end of the event if that value is the first value encountered in each
direction that falls under a chosen return threshold. In all cases, this return threshold was
selected as the mean sampled from the background data. Once the start and end of this event
have been located, all points within this range are labelled as anomalies before the algorithm
skips passed the event end, and the search routine continues until the entire trace has been

scanned.

To trial this technique the thresholds of 5, 4, 3, 2, and 1 standard deviations from the
background mean were selected. These thresholds were subsequently implemented on each
of the 7 different SNR datasets generated previously. Example events that were flagged are
demonstrated in Figure 4.2. It can be seen that, when considering Figure 4.2a and Figure 4.2b,
the threshold is too low. Considerable quantities of background data points get falsely flagged
as anomalous. This is solved when raising the threshold up to 4 times the standard deviation,
as shown in Figure 4.2c. However, raising the threshold can also result in anomalous points
being missed. This is demonstrated in Figure 4.2d where the SNR is low enough that sections

of true event are missed.

The ground truths were taken from the simulation and compared with the flagged anomalous
points to provide a quantified measure of how well the event detection performed. These
ground truths were represented as one-hot encodings corresponding to each datapoint. A
value of one labelled the respective data point as a true anomalous point. Using both the

ground truth and flagged anomalies, the true positive rate (TPR) and false positive rate (FPR)
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Figure 4.2

Example amplitude thresholding predictions (red) overlayed over a section of simulated trace (blue).
Each graph shows an example snippet of trace with a true event situated at the centre. (a) and (c) show
the same event with an SNR of 5, whereas (b) and (d) show the same event with an SNR of 2. (a) and
(b) show predicted anomalies when using a 1 std threshold, whereas (c) and (d) show predicted

anomalies when using a 4 std threshold.

were calculated. These values for each threshold and SNR are summarised in Figure 4.3. The
following equations were used to calculate these quantities of TPR and FPR. Additional
equations are provided so the corresponding true negative rate (TNR) and false negative rate

(FNR) can be calculated:

TPR = P _ 1—FNR 4.2
" TP+FN
FP 4.3
FPR=———=1—TNR
FP + TN
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Figure 4.3
Summary of the TPR, (a), and FPR, (b), when labelling anomalies at each combination of detection

threshold and event SNR.

TNR = N =1—FPR 4.4
" TN+ FP

FNR N 1—-TPR 45
~FN+TP

where TP is the number of true positive predictions, TN is the number of true negative

predictions, FP is the number of false positive predictions, and FN is the number of false

negative predictions.®® These results show that the TPR rate falls off as the SNR of the events

decreases. This is due to the anomalous points residing closer to the background average such

that less points oscillate outside of the threshold. To remedy this the detection threshold can

be lowered which results in a higher TPR. However, as shown in Figure 4.3b, decreasing the

threshold results in an increase of the FPR. For example, using a threshold of 1 standard
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deviation results in a FPR of 0.30. Another observation is the independence of the FPR to the
SNR. This is also expected as the SNR of the events does not affect the nature of background
data points. Indeed, thresholds are calculated from the background meaning the same degree

of false positives will be returned regardless of the nature of the events.

An overall score for each technique was calculated by considering the performances across all
threshold values. This was achieved by taking the TPR and FPR for each threshold value to plot
a receiver operating characteristic (ROC) curve. ROC curves allow a classification algorithm to
be characterised by investigating the accuracy and error of a classifier at various sensitivities.*°
Starting from a sensitivity where no events are flagged the TPR and FPR will both be 0. For a
successful detection algorithm, the desired effect of increasing the algorithms sensitivity
would be for the TPR to increase whilst the FPR remains at 0. Once the TPR rate reaches 100%,
then the FPR should begin to rise. Alternatively, a poor detection algorithm would have the
inverse behaviour with the FPR rising before the TPR increases. If both the TPR and FPR were
to increase at the same time, this would also be a poor result as it implies that finding true
events also comes with false positives that cannot be distinguished. Considering this logic, the
final performance metric is introduced. This is called the area under the ROC curve or simply
the area under curve (AUC). As its name suggests, it is calculated by finding the area under the
ROC curve. As such, this metric scales from 0 to 1 where a score of 1 corresponds to the perfect

detection case, and a score of 0.5 and below indicate poor detection cases.!?

This metric was applied to the amplitude thresholding algorithm. Using event detection
behaviour at each threshold value a ROC curve was populated for every SNR. With a ROC curve

for every SNR, the AUC was subsequently calculated and compared. The results of this analysis
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are shown in Figure 4.4. The AUC scores show that as the SNR of the events decrease so do
the corresponding scores. This is expected as previously it was shown that decreasing the SNR
only affects the TPR. The FPR is tied to the algorithms threshold and has no relation to the
SNR. Because of this the AUC score drops as well due to the ROC curve achieving high TPRs at

higher algorithm sensitivity where the FPR is also high.

In summary, the performance of the amplitude thresholding technique becomes less than
acceptable when the events have an SNR of one or less. With this technique characterised,

alternative techniques were subsequently investigated and compared.
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Figure 4.4

Anomaly detection results via the amplitude thresholding method. Shown are the ROC curves for each

SNR, (a), and the corresponding AUC scores, (b).
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4.2.3. Zero-Crossing Rate

Considering the nature of the events that are to be detected, assumptions can be made
regarding value-crossings. Specifically, as the events manifest as pseudo-square wave pulses
in amplitude, it would be sensible to infer that during these events, there is a reduced
probability that the inherent oscillations will cross the mean of the trace. In this instance, the
mean of the simulated traces has been set at zero. Using this logic, an anomaly detection
technique can be developed with the criteria that anomalous sections of traces will harbour a

reduced zero-crossing probability. This forms the basis of the zero-crossing rate (ZCR) method.

For this technique to function, a single value cannot be sampled when iterating through a
trace, as a sample size of at least two is required to provide a number of zero-crossing
instances. Therefore, this detection algorithm requires iteration of a sample window through
a trace such that a ZCR can be calculated at each window position. Because of this, the ZCR
detector requires two additional parameters; the window size and the step size. The window
size controls the sample size that is used to calculate a zero-crossing probability at every

position governed by the step size.

To carry out a ZCR event search, the baseline behaviour was characterised such that suitable
thresholds could be selected for flagging up anomalous window positions. The ZCR values for
each window position were calculated on the eventless, background data. These values were
subsequently plotted on a histogram where a Gaussian fit was applied. Various percentile
thresholds were extracted from this fit to yield a range of desired algorithm sensitivities. To
do this, the resultant Gaussian was normalised such that the total area under the fit equalled

unity. The normalised fit thus functioned as the background ZCRs probability density
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function.'> To acquire the value that corresponds to a desired percentile, the probability

density function is converted to the cumulative distribution function via integration.'3 This
Table 4.1

Summary of chosen percentiles used for thresholding and their corresponding ZCR values.

\ Percentile \ Value
0.00 % 0.0000
0.01% 0.3086
0.10 % 0.3411
1.00 % 0.3808
5.00 % 0.4159
10.00 % 0.4346
25.00 % 0.4658
50.00 % 0.5004
75.00 % 0.5351
100.00 % 1.0000

Gaussian

Mean: 0.50

Std: 0.05
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Figure 4.5

Distribution of ZCR values when performing background analysis using a window size of 100 and a step
size of 10. The resultant distribution is Gaussian with a mean and standard deviation of 0.50 and 0.05,

respectively.
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cumulative distribution function is then solved to find the ZCR value that corresponds to any
percentile. This procedure was carried out on the background data with a window size of 100
to yield a distribution demonstrated in Figure 4.5. From this distribution, various percentile
values were calculated to trial the detection performance at different sensitivities. These

values are summarised in Table 4.1.

Subsequently, the ZCR method was implemented on the simulated data using the
predetermined thresholds. Initially, all possible window positions for a given window size and
step size were extracted. The number of extracted window positions can be calculated given

the following expression:

N —(w—5s) 4.6
S

n=
where n is the number of possible window positions, N is number of data points within a trace,
w is the window size, and s is the step size. In this case, each trace contained 1,000,000
datapoints with a window size of 100 and a step size of 10. This yielded a total of 99,991
different window positions. Each window position was then used to calculate the ZCR at each
position. With this, each data trace was converted into a new trace of ZCR vs window position
(Figure A1.6). Additionally, histogram analysis of these ZCR values reveals the presence of

outliers that were not present in the background distribution (Figure 4.6).

The start and end positions of anomalies were found by employing change-point detection
using a similar process to the amplitude thresholding technique. Here, the ZCR values were
iterated through sequentially until a ZCR value was encountered that fell short of the chosen

percentile threshold. Again, from here a subroutine was called that scoped out the
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Figure 4.6
Distribution of ZCR values calculated from event traces with an SNR of 2. ZCRs were calculated with a
window size of 100 and a step size of 10. The distribution of values below 0.2 are a result of anomalies

that were not present in the background trace.

surrounding values until values were found that rose back above a return threshold, namely
the same percentile threshold that was used to first find anomalous windows. This process
returns a list of start and end window positions. Equation 4.6 is then used to transform these
values back to index positions in the original signal space before all the points within event

ranges are flagged as anomalous.

After returning detected events from the algorithm, analysis again moved to the calculation
of a quantitative measure of accuracy using the same metrics used previously (Section 4.2.2).
Equations 4.2 to 4.5 were used to calculate the TPR and FPR of the algorithm at each sensitivity

which were subsequently used to plot ROC curves and provide AUC scores (Figure 4.7). Here
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Figure 4.7

Anomaly detection results via the ZCR method. Shown are the ROC curves for each SNR, (a), and the

corresponding AUC scores, (b).

it can be seen that the ZCR anomaly detection technique performs with a score of 1.00 for the
SNRs of 1.0 and above. In comparison, the previous amplitude thresholding technique only
achieved a score of 1.00 on the SNRs of 5.0 and 10.0 and had a score of 0.98 with an SNR of
2.0. Additionally, the ZCR algorithm achieved an AUC of over 0.8 on the SNR of 0.5 whereas,
the previous method scored below. However, the ZCR method did not perform well on the

lower SNRs of 0.25 and 0.1.

4.2.4. Convolutional Autoencoder
Currently, anomaly detection is also being explored from a DL perspective. Indeed, many
investigations into the use of AEs for anomaly detection have been carried out.!*6 As

mentioned in Section 2.3.5, these neural networks are trained to reconstruct input data via a

136



lower dimensional vector space. Once these AEs are trained, there will be a reconstruction
error that is associated with each input. Anomaly detection via these AE agents uses this
reconstruction error to detect outliers, as anomalous inputs would result in larger than normal

reconstruction errors.

For the implementation of an AE-based anomaly detection pipeline, the same percentile
strategy that was implemented with the ZCR method has been adopted. More precisely, the
simulated background data were split into windows of size 100 with steps of 10 between each
window position. The AE was then trained on these windows with the goal of accurately
reconstructing each segment of data. After training, the MAE loss for each window was
calculated before being plotted on a histogram. From here, the same strategy of fitting a
Gaussian distribution to the data such that percentile values could be calculated was also
adopted. The resultant histogram and Gaussian fit are shown in Figure 4.8. It can be seen that
the resultant distribution of losses is positively skewed. Because of this, the Gaussian fit does
not accurately reflect the distribution. A possible reason for this skew would be the
incorporation of both the training and validation datasets. As the neural network was trained
on the training data, a similar but different reconstruction accuracy will arise when processing
the validation data. This difference depends on the degree to which the network overfitted to

the training data.

As the population of the validation dataset is much smaller than the training set and the loss
difference between these sets is quite small, the resulting distribution could be the additive
result of the two distributions for each respective dataset. To remedy this fitting issue, there

are a few possible solutions. One is to retrain the network on both the training and validation

137



sets once validation is passed, another is to discard either the validation or training set from

the background analysis process once validation is passed, another is to fit a skewed

Table 4.2

Summary of chosen percentiles used for thresholding and their corresponding MAE values.

Percentile Value

0.00 % 0.0670
25.00 % 0.0948
50.00 % 0.0992
75.00 % 0.1035
90.00 % 0.1074
95.00 % 0.1098
99.00 % 0.1142
99.90 % 0.1191
99.99 % 0.1228
100.00 % 0.1443
604 |Gaussian
Mean: 0.10
Std: 0.01
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Figure 4.8

Distribution of MAE values when performing background analysis using a window size of 100 and a

step size of 10. The resultant distribution is positively skewed. However, a Gaussian fit is applied with

a mean of 0.10 and standard deviation of 0.01.
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distribution such as a gamma distribution, or another is to fit distributions to both the

validation and training sets separately before summing them and normalising.

However, for the purpose of populating a ROC curve, the selection of sensitivities does not
require specific percentiles for trialling the AE algorithm. The percentile approach for the
sensitivity thresholds was chosen as it can provide insight into the performance of statistical
confidence boundaries. These sensitivity thresholds do not need to be chosen by taking
percentile thresholds from a background distribution as the only requirement for populating
a ROC curve is for the chosen sensitivities to span the range of values within the background.
Given that the background distribution for this AE method is skewed and that the use of
percentiles is not required, analysis continued with the fit shown in Figure 4.8 to generate the
algorithm sensitivities. The sensitivities chosen are outlined in Table 4.2. Now, it would be
inappropriate to refer to these sensitivities as percentile thresholds. Therefore, they are now

referred to as sensitivity thresholds.

Following background characterisation, the different sensitivity thresholds were tested on the
different SNR datasets that were analysed previously. Here the MAE losses for reconstructing
windows from the event-containing datasets were calculated (Figure A1.7, Figure A1.8). These
losses had the previous sensitivity thresholds applied to flag anomalous windows where
anomalies constituted windows with MAEs that exceeded the thresholds. After event
detection, analysis of the data was carried out in the same way as previously. Several ROC
curves were produced and their AUCs calculated. These are summarised in Figure 4.9 where
a slight improvement in event detection performance, when compared to the ZCR detector,

can be seen. Whilst the ZCR algorithm was able to achieve an AUC score of 0.86 when
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Anomaly detection results via the convolutional AE method. Shown are the ROC curves for each SNR,

(a), and the corresponding AUC scores, (b).

analysing data with an SNR of 0.5, the convolutional AE technique was able to achieve a score
of 0.93. Improvements were also seen when considering the datasets with SNRs of 0.25 and
0.10. Where the ZCR technique was able to score 0.62 and 0.52, respectively, the

convolutional AE scored 0.71 and 0.57. This makes the convolutional AE the optimal technique

for anomaly detection so far.

4.2.5. Moving Average

After testing the ZCR detector and convolutional AE techniques, an explanation as to why they
were superior was desired. One of the potential reasons for the improvement was speculated
to be the implementation of the moving window. The use of the moving window means a

larger sample size is used for each position in a trace such that a narrower distribution could
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result. This is explained by the standard error of means which is described in Section 4.2.6.
With this logic, the idea of combining the moving window with the amplitude thresholding

technique was created. This technique is already an established strategy for smoothing noisy

Table 4.3

Summary of chosen percentiles used for thresholding and their corresponding average values.

\ Percentile \ Value
0.00 % -0.4655
25.00 % -0.0673
50.00 % 0.0000
75.00 % 0.0673
90.00 % 0.1279
95.00 % 0.1641
99.00 % 0.2322
99.90 % 0.3083
99.99 % 0.3841
100.00 % 0.5038
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Figure 4.10

Distribution of average current values when performing background analysis using a window size of
100 and a step size of 10. The resultant distribution is Gaussian with a mean of 0.00 and standard

deviation of 0.10.
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data known as the moving average.l” The moving average technique has also found use in
forecasting challenges.’®1° Therefore, given the previous applications of this technique to time
series challenges, the moving average was implemented in this anomaly detection problem

set.

The same first step of splitting the background dataset into a matrix of possible window
positions was carried out. Each window was then used to calculate the window’s average.
These window averages were then analysed in the same manner as the ZCR and convolutional
AE techniques. Namely, the window averages were plotted on a histogram before a Gaussian

fit was applied (Figure 4.10). Using the Gaussian fit, percentile values were extracted. These

(a) (b)
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Figure 4.11

Anomaly detection results via the moving average method. Shown are the ROC curves for each SNR,

(a), and the corresponding AUC scores, (b).
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are summarised in Table 4.3. The same window size and step size, of 100 and 10 were

implemented for this procedure, respectively.

Once again, traces were converted into traces of window position values (Figure A1.9, Figure
A1.10), before the thresholds were used to flag up anomalous windows in the event-
containing data. Windows with an average value greater than the used threshold were
labelled as outliers. Once all anomalies were flagged the same ROC curve and AUC procedure
was then carried out (Figure 4.11). Here it can be seen that there is a drastic improvement
than all previous techniques. When comparing this technique to the convolutional AE, the
event detection performance of the moving average technique was able to achieve higher
AUC scores even with the data with low SNRs. Whilst the convolutional AE achieved scores of
0.93, 0.71, and 0.57 for the SNRs of 0.5, 0.25 and 0.1, respectively, the moving average

technique achieved scores of 1.00, 0.97, and 0.78.

4.2.6. Parameter Optimization
To ascertain the effects that the window size and step size parameters may have on the AUC

performance of the three window-based anomaly detection methods, additional parameter

Table 4.4
Summary of parameters to be tested. Each combination of window size and step size multiplier are used to

calculate the shown step sizes.

100 500 1000 1500 2000
0.1 10 50 100 150 200
0.5 50 250 500 750 1000
1.0 100 500 1000 1500 2000
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optimisation was carried out. The above procedures were repeated with every combination
of the window size and step size parameters outlined in Table 4.4. To summarise, there are 5
different values for window size, and 3 for the step size. Given that there are 7 different SNRs
that are explored with each class containing 10 traces, this means that a total of 1050 event
detection runs were performed per technique to analyse their performances. With 3 different
methods using the window-based approach, this gives a total of 3150 algorithm runs with each

producing an AUC score.

Figure 4.12 shows how the AUC score for each technique changes with relation to the step
size whilst keeping the window size constant. This is shown for four of the trialled SNRs.
Overall, it can be seen that, for SNRs below 1.0, better anomaly detection results can be seen
when utilising a smaller step size. However, this improvement lessens the higher the SNR of

the anomalies are. When considering the performance of the moving average algorithm, it is
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Figure 4.12

Comparison of the effect of different step sizes on the AUC performance. The effect is shown for each
detection method: ZCR (orange), convolutional AE (green), and moving average (blue). In addition, this
comparison is shown for four different event SNRs. These are the SNRs of 0.10, 0.25, 0.50, and 1.00 for

(a)-(d), respectively.
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evident that by increasing the step size from 0.1 to 1.0 times the window size, the performance
drops by 0.05 for the 0.1 SNR dataset. This effect is lessened when considering the 0.5 SNR

dataset. Here there are no considerable changes in performance.

Figure 4.13 shows how the performance of each technique changes with regards to the
window size. Firstly, when considering the performance of the moving average algorithm, the
best window sizes are 1000, 500, 100, and 100 for the SNRs 0.1, 0.25, 0.5, and 1.0, respectively.
For the SNRs of 0.1 and 0.25, it can be seen that a window size greater than or less than the
optimum results in poorer performance with the fall off being greater when decreasing
window size. A similar behaviour is observed when considering the ZCR algorithm when
changing the window size. In this instance the best window sizes are 1000, 1000, 1000, and

100 for the SNRs 0.1, 0.25, 0.5, and 1.0, respectively.
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Figure 4.13

Comparison of the effect of different window sizes on the AUC performance. The effect is shown for
each detection method: ZCR (orange), convolutional AE (green), and moving average (blue). In
addition, this comparison is shown for four different event SNRs. These are the SNRs of 0.10, 0.25, 0.50,

and 1.00 for (a)-(d), respectively.
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For both the moving average and the ZCR detector the optimum AUC is never achieved with
a window size greater than 1000 data points. This can be explained by the average event
duration. The mean event duration used during the simulation was 1000 data points. When
considering a window size greater than the event durations, there is no orientation of the
window over the events such that no background points are captured. Because of this, as the
window size becomes very large compared to the event durations, the calculated metrics will

approach the background values. This makes anomalous events less likely to be detected.

At the other extreme, the decreasing performance of detection when reducing the window
size could be explained by statistics. More precisely, this behaviour can be explained by the
standard error of means. In statistics it is widely known that sampling larger sample sizes from
a distribution will result in a smaller standard deviation of means.?° This can be compared to
both the moving average and ZCR detectors where the window size chosen acts as the sample
size in terms of standard error. Figure 4.14 shows how the background analyses for these
techniques can produce distributions with different widths based on the chosen window size.
From this it can be speculated that having a larger window size will also result in a tighter
distribution for anomalous points. Because of these tightening distributions, there will exist a
window size where the distributions between events and background do not overlap and thus

increase their separability.

The behaviour of the convolutional AE is more difficult to interpret. Here, the performance of
the convolutional AE is at its best for a window size of 500 when applied to the 0.1, 0.25, and
0.5 SNR datasets. In addition to this, the performance drops to a minimum when using a

window size of 1000 followed by increasing performance as the window size increases. This
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Demonstration of the effect of standard error of means with the moving average technique. The
distribution of background values (blue) is compared to the corresponding distribution of means with

a window size of 100 (orange).

behaviour cannot be explained by the previous logic associated with the moving average and
ZCR algorithms. These results could be due to the non-Gaussian distributions associated with

the MAE losses, but it is likely that another reason causes this behaviour.

To make the convolutional AE work, the input size of the neural network needs to be fixed to
a certain number of features. Because of this limitation, when using a different window size
to one that has already been tested, the input layer to the neural network needs to be changed.
As the fundamental architecture of the neural networks is being altered, the new network will
require training again. Therefore, each window size that was tested, was tested with an

independently trained AE with similar architecture. The architectures of each network are
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summarised in Appendix 2. Because each AE is trained independently, this makes their
performances less comparable as their weight initialisation and updating will have happened
stochastically.?! Therefore, the observed fluctuations in the AUC score are likely attributed to

the retraining of networks.

In summary, the best parameters for anomaly detection for the moving average and ZCR
detectors can be determined by considering the standard error of means and the duration of
the events to be found. Consideration of these leads to the conclusion that the best window
size is one that is as large as possible up to the limit of the event durations. In addition to this,
the best step size parameter would be a value that is as small as possible. This allows all
possible window positions to be analysed such that the change points can be more precisely
located. With regards to the performance of the convolutional AE, the best window size

depends on the accuracies achieved during the training process of the neural network.

With the optimum parameters having been ascertained, a fair comparison between the
techniques could be made. Figure 4.15 shows the AUC performance of all three techniques
when applied to all 7 of the different SNR datasets whilst utilising their optimum parameters.
Before parameter optimisation, a window size of 100 with a step size of 10 was used. Now it
is known that the best parameters are a window size of 1000 with a step size of 100 for the
moving average and ZCR techniques, whilst the AE performs best with parameters of 500 and
50 for window and step sizes, respectively. With the optimum parameters selected it can be
seen that all three techniques perform better than previously. Most impressively the score of

the moving average technique has grown from 0.78 up to an AUC score of 0.97 for the SNR of
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Figure 4.15
Anomaly detection results of the ZCR, (a), convolutional AE, (b), and moving average, (c), techniques

when using their optimum parameters.

0.1. Therefore, the best technique is still attributed to the moving average with the AE coming

in second position followed closely by the ZCR algorithm.

4.2.7. Eventduration

To further explore the dependence of the detection performance on window size, a second
set of simulated data was produced. The same SNRs were used to generate traces but in this
case the duration of the events was greatly reduced. Here the average event duration was set
to 10 with a standard deviation of 3. Given that the event duration is much smaller, the
window sizes for the moving average and ZCR algorithms will be limited. When setting a
window size greater than 10, both of the techniques will be susceptible to the performance

decreases shown previously.

Using what was learnt from the parameter optimisation task, the shorter event dataset was
analysed using a window size of 10 with a step size of 1 for the moving average and ZCR

techniques. For the convolutional AE, the best performance was achieved with a window size
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of 20 and a step size of 20 (Figure A2.6). The ZCR, moving average, and convolutional AE
algorithms were trialled on all SNRs of the shorter event duration datasets. Here the same
sensitivity/percentile thresholds were applied to yield ROC curves with AUC scores. The results
of this are summarised in Figure 4.16. Here it can be seen that the performance of these event
detection strategies is less when compared to the previous performance with longer events
(Figure 4.15). For instance, previously the moving average technique was able to achieve an
AUC score of 0.97 on an SNR of 0.1. Now, however, with the shorter event durations, the
performance was only able to achieve a score of 0.57. The algorithm ranking remains the same,

with the best being the moving average technique and the worst being the ZCR detector.

The overall drop in performance, when comparing the shorter event detection to the longer
events supports the previous assertion that the performance depends on the standard error

associated with the window size. The drop in the AEs performance suggest that the above
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Figure 4.16
Anomaly detection results of the ZCR, (a), convolutional AE, (b), and moving average, (c), techniques

when using their optimum parameters on the detection of short events.
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reasoning will also affect its performance to a certain extent. However, with the AE, there is

also the effect of randomness during training that could result in poorer performance.

4.2.8. Experimental Data

Lastly, the moving average technique was applied to a dataset consisting of sampled
experimental data. A trace was provided by another member of the Albrecht research group
that had been sampled by applying the RPS technique to a solution containing strands of DNA.
Following the works of Loh et al.??, a procedure was established to reliably detect DNA
translocation events. Here 300 pM of 4 kilobase double stranded DNA molecules were
prepared in a solution of 4M lithium chloride with 10% Tris-EDTA. To this solution, electrodes
and a nanopore with a pore diameter of approximately 15nm were immersed. Voltage was
then applied, and the corresponding current was measured. This system was sampled over 10
seconds at a rate of 1 MHz to yield a trace of 10,000,000 data points (Figure 4.17). Initial
inspection shows a sloping feature that represents the electronics warming up. Therefore, the
initial 600,000 data points were discarded. From here, the remaining 9,400,000 data points

were analysed using the moving average algorithm.

Typically, this algorithm would start with the analysis of background data to acquire the
appropriate thresholds to accurately determine what is outside the normal range of window
averages. However, due to the nature of this experiment, it is not possible to sample the
solution without the presence of the DNA structure prior to the measurement of DNA
translocations. If another solution was used to measure the background, then these
measurements may not be appropriate due to any small changes in the LiCl medium or any

changes in the electronic noise. Because of this, the background analysis was carried out on
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Figure 4.17
Experimental trace sampled from the translocation of DNA. The electrical current was measured at a

frequency of 10MHz over the span of 10 seconds.

the trace that contains translocation events. To do this an assumption was made with regards
to the translocation events. This assumes that the translocation events occur relatively
infrequently such that the resultant histogram of window position values is dominated by the
background behaviour. Continuing with this assumption, the background analysis was carried
out in this manner. The parameters chosen were window sizes of 1000, 500, and 100 with step
sizes being a 0.1 multiple of the used window size. The reason for trialling different window
sizes is that there is no prior knowledge of how long the translocation will last. The
translocation event could take place over 1ms or even 0.1ms. Because of this the above
parameters were selected. Figure 4.18 shows the background histograms that were obtained

from each of the parameter choices. Looking at these distributions it can be interpreted that
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Distributions of average current values when performing background analysis using window sizes of

1000, (a), 500, (b), and 100, (c) on the experimental data trace.

the previous assumption is true. This is supported by how well each of the Gaussian fits
performed. There appears to be no skew in the resultant histograms as consequence of the
presence of translocation events. Therefore, the event searching algorithms continued to the

next step of determining a threshold.

The percentile of 99.99% was chosen to extract threshold values from the background
distributions. Using this value means that there will be events detected that are likely to
correspond to false positive event detection. This will require the events returned to be
manually inspected to see if there are any noticeable differences in appearance between
events that might allude to the presence of false positives. The event searches were carried
out using the above thresholds and the results of which are summarised in Figure 4.19. One
of the first observations that can be made is that there appears to be a duration offset

between the three different window sizes. For instance, when considering the five tallest
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Figure 4.19
Scatter plot of event heights vs durations for events found using the moving average technique on
experimental data. Results are shown for each of the three trialled window sizes: 100, (blue), 500, (orange),

and 1000 (green).

events, there is as much as a 1ms difference between events found using the 1000-point
window size versus the 500-point window size. This is a result of the chosen algorithm
parameters causing differences in time resolution. Because of this duration offset between
anomaly detection runs, there will be duplicate events when comparing the different runs. As
such, the only comparison that can be made between the runs with different window sizes, is
that of the number of anomalies found. The number of events found are summarised in Table

4.5. Based on prior assumptions related to the standard error, these experimental results
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Table 4.5
Number of detected events when utilising the corresponding window size parameter with the moving

average technique on experimental data.

1000 17
500 31
100 309

make sense as the run with the smallest window size returned the greatest number of events,
and the run with the largest window size returned the fewest. The additional events found
with a smaller window size could be either attributed to the detection of more false positive

events, but it could also be events whose duration better matched the smaller window size.

Overall, there are three distinct clusters to the events found when considering the window
size of 500. The cluster of five tall events, the single event with a duration of 5ms, and the
main cluster of events with durations between 0 and 2ms and heights between 5 and 20pA.
When considering the cluster of five tall events and the one long event, it would be a fair
assumption to state that these correspond to true-positive detected events. For the five tall
events, their magnitude is so large that they are statistically independent with regards to the
background distribution of current values (Figure 4.18). In addition, it is likely that the event
with duration around 5ms is also a true positive due to the event being distinguishable from
the other events in terms of duration. For both of these groups of events, the labelling of true
positives is supported by the result that they fall into clusters separate from the majority of
the other events. The final cluster with shorter height and duration is likely to contain some
true positives but mostly false positives. As the event heights and durations are short, the
detection is limited by the window size. Within this cluster, it is more likely for events to be

false positives as their heights are closer to the values of the background. Overall to be able
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to distinguish between events within this ambiguous cluster, additional cluster analysis and
DR would be appropriate to further study whether the false positives and true positives within

this cluster are separable. Example events from each cluster are presented in Figure A1.11.

4.3.  Conclusion

In summary, for events of this nature, those which manifest as square wave pulses of
increased magnitude, the best technique for detecting anomalies is the moving average
technique. This is followed by the convolutional AE and closely by the ZCR technique. This is
apparent by the fact that the moving average technique achieved the highest ROC AUC score

of 0.97 for detecting events with an SNR of 0.1.

However, this result requires that the events that are being detected have a sufficient number
of data points sampled throughout their duration. Indeed, it was shown that when applying
these anomaly detection techniques to events with an average duration of 10 datapoints, the
overall performance of all techniques decreased. The highest score for detecting events with
an SNR of 0.1, which was still achieved by the moving average technique, was 0.56. This finding,
therefore, implies that effective event detection requires a heightened sampling rate such

that events contain hundreds of data points instead of tens.

In support of this, anomaly detection using moving average technique was trialled on an
experimental dataset that was sampled at 1IMHz. Here, where events typically last on the
order of 1ms, the sampling rate allows for events of around 1000 datapoints. The results of
this analysis showed that various events could be pulled out with different clusters of event
heights and durations. To better understand how effective the anomaly detection techniques

developed here are, additional studies on the application to experimental data are required.
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In addition, further steps in clustering the found events would be required to better separate

potential false positives from the true events.

Lastly, whilst this case study showed that statistical outlier detection was superior to DL
methods, it is worth noting that other cases will likely result in different results. For instance,
the moving average technique may not perform as well as the convolutional AE if the events
did not involve purely a magnitude shift. If anomalies were to be changes in patterns, the
convolutional AE may likely outperform the moving average.?® Additionally, if anomalies
manifested as changes in noise RMS, the ZCR or other value crossing rate detectors could also

outperform the moving average technique.

4.4, Methods

Construction of the simplified I(t) simulation with events of user defined SNRs was written in
the Python programming language. Additionally, all implementations of anomaly detection
algorithms were written in this language as well. This project also utilised the Anaconda virtual
environment management utility. Therefore, the same packages and version dependency as

used in Chapter 3 were implemented here.
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5.1. Introduction

The ability to detect subpopulations within datasets is typically conducted by analysis of
statistical distributions. Previously in Sections 1.3 and 2.2.2.1, the complexities of working with
high-dimensional datasets were discussed. Statistical analysis is limited by these intricacies
due to the large number of interrelated variables, and the various phenomena that coincide
with the CoD. Due to these difficulties, alternative techniques are desired to make the task of
finding subpopulations in high-dimensional bases more easily achievable. Previously, the ML

strategy of DR was introduced to remedy these issues.

Therefore, following the above notion, and the previous examples of DR in STM-BJ analyses
discussed in Section 1.1.1, this work will incorporate DR and clustering analysis within the
scope of STM-BJ analysis. The purpose of this is to explore the potential that DR has when
used for the extraction of subpopulations within complex datasets. The aims here are to
alleviate the challenges of working with BJ datasets, as well as to showcase the versatility of

these techniques by applying DR in an electrochemical sensing setting.

5.2.  Scanning Tunnelling Microscopy Break Junctions

BJ analysis, like with other SM strategies, requires a large ensemble of measurements to
provide accurate insights into molecular properties.! Each BJ measurement produces traces
like the one presented in Figure 1.1. Because of this, the resultant datasets are typically highly
dimensional and complex. One of the challenges in these complex datasets is how to
overcome inherent noise to extract the desired information. When measuring thousands of
BJ traces, it is very common for a subset of these traces to possess features that are a result

III

of a “poor pull”. The reasons for these “poor” traces were introduced in Section 1.1 where
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error contribution in SM science and STM were discussed. Because of the presence of “poor”
traces, measured datasets may require cleaning before analysing molecular properties. To do
this, those traces where molecular characteristics are hidden need to be separated. However,
manually filtering through traces can be a difficult and time-consuming task. Instead, an
automated process involving DR and clustering could be an easier tool for the cleaning and

separation of traces within a set.

In addition to data filtering, automated subpopulation detection using DR and clustering could
also provide a useful method for more general clustering of high dimensional behaviours. For
instance, in Section 1.1.1, the case of a bimodal conductance distribution was presented as an
example of the limitations of the traditional statistical approach to BJ analysis. Here DR could
also have an application to separate these different populations of subtle complex shape

differences and better elucidate the cause of resultant bimodal distributions.

5.2.1. Conductance Measurements of Compounds

To explore the aforementioned use that DR may provide to the field of BJ analysis, a selection
of molecules was chosen. In total three molecules were selected to be experimentally
measured using the STM-BJ technique. These molecules include two well studied molecules
known as OPE3 thioacetate, and 4,4’-bipyridine. These will be referred to as molecules 1 and
2, respectively. In addition to this, a third, novel, molecule was studied which will be referred
to as molecule 3. This molecule is formally introduced in Section 5.2.4. Molecules 1 and 2 were
used to provide a suitable testbed for exploring the effectiveness of DR techniques in the

cleaning and sub-population analysis tasks. Using what is learnt from these molecules, the DR
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Figure 5.1
Chemical structures and length comparison of molecules 1 and 2. The distance between the anchoring

groups within each molecule are modelled to be 2.01nm and 0.72nm for molecules 1 and 2, respectively.

strategies were then applied to molecule 3 to aid in understanding the behaviour of a novel

molecule.

Initially, molecules 1 and 2 were measured. The structures of each of these molecules are
demonstrated in Figure 5.1. Following the procedures outlined in Section 5.2.6, BJ traces for
these two molecules were sampled. Traditionally, BJ results, as previously discussed, are
presented using histogram analysis techniques. A large amount of BJ traces akin to the one
shown in Figure 1.1 are collected and analysed together to elucidate probabilistic behaviours.
These analyses include 1D histograms of conductance behaviour and molecular length, as well
as a 2D histogram for characterising the conductance-distance behaviour. The raw
measurements are presented in this fashion in Figure 5.2 for molecule 1. As a side note, the
dataset for molecule 1 subsequently features in published literature.? This histogram analysis
was also carried out for molecule 2 (Figure A1.12). It is also worth noting that the trace
demonstrated in Figure 1.1 was taken from molecule 2’s dataset. Therefore, the other traces
present in this dataset will be very similar to the shown trace. When considering the 2D

histogram of conductance vs displacement (Figure 5.2a), undesirable traces are present. Most
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Figure 5.2
Histogram analysis of molecule 1 using uncleaned data. (a) shows a 2D histogram of conductance vs
displacement, (b) shows the 1D conductance histogram, and (c) shows a histogram of trace plateau lengths.

A total of 1529 traces were sampled.

notable are the points present with a conductance greater than -2 log(G/Go) after the initial
break point at Onm. The existence of points within this region likely results from BJ traces that
were unable to break quickly during tip withdrawal. This can be due to a strong coupling of
the molecule with the electrode surfaces,® or due to the presence of contaminants bridging
the electrodes. Another undesirable feature that is present is the large range of plateau
lengths. When considering the molecular structure of molecule 1, the expected plateau length
would be around 2nm. However, in this case this value ranges from 0 up to 10nm. These

results are also likely due to the same reasons as the high conductance values from before.

5.2.2. Data Cleaning and Selection
To improve the quality of these results, a traditional cleaning method was then applied to both

result sets. This cleaning method, as outlined in Section 5.2.6, involves selecting thresholds
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Figure 5.3
Histogram analysis of molecule 1 using filtered data. (a) shows a 2D histogram of conductance vs
displacement, (b) shows the 1D conductance histogram, and (c) shows a histogram of trace plateau lengths.

After this filtering, 946 traces remain.

such that prohibited traces are removed from the results. These thresholds include minimum
and maximum limits on trace properties such as the average conductance of each trace, the
plateau length of the trace, and the noise level in the traces tail. The values used for each
threshold for each molecule are summarised in Table 5.3 in Section 5.2.6. Once this filter was
applied, the clean datasets were analysed using the same histogram process (Figure 5.3,
Figure A1.13). After filtering the traces of molecule 1, it can be seen that the offending traces
with high conductance values have been removed. This, in addition to making the 2D
histogram cleaner, also improves the cleanliness of the 1D conductance histogram. However,
the trace plateau lengths could not be pruned effectively. Whilst the most extreme cases have
been removed, the overall range of values is still too broad. Further pruning via value

thresholding is undesirable as this would result in a plateau length histogram with sharp cut-
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offs at the value where the pruning would have been applied. This would impact the quality

of any subsequent analyses of this property’s distribution.
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Figure 5.4
2-dimensional embeddings of molecule 1's uncleaned BJ data. Embeddings were produced using PCA, (a),
t-SNE, (b), and UMAP, (c). Points are separated into ten clusters using the k-means clustering algorithm and

are coloured accordingly.

Due to the aforementioned limitations with this cleaning method, a separate method was
used to clean the raw BJ results. This second method utilised DR techniques to compress each
individual BJ trace from a 2000-point trace into a 2-dimensional vector. From these low-
dimensional representations, clustering was then applied to split up Bls into groups with
similar vector values. These clusters were then analysed using the traditional histogram
visualisation process to find those clusters that contain the desired clean traces. The raw
datasets for molecules 1 and 2 were processed in this manner using PCA, t-SNE and UMAP for
the purpose of DR. The low-dimensional representations for molecule 1 and molecule 2 are
shown in Figure 5.4 and Figure Al.14, respectively. Upon initial inspection of each of the DR
embeddings for molecule 1, it can be seen that there are very few separate clusters. Indeed,

when considering t-SNE, the argument can be made that there are no distinct clusters.
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Similarly, the embeddings of PCA and UMAP contain a maximum of two distinct clusters.

Consequently, the trends within the clusters were then explored.
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Figure 5.5
Results of data cleaning using UMAP embeddings for molecule 1. (a) shows the embedded data space where
the 368 highlighted points (yellow) were taken as clean traces. The histogram analysis of these clean traces

is shown in (b-d).

The clusters were split up into individual sections to demonstrate how different segments
within the low-dimensional space differ with regards to the high-dimensional BJ shape. The k-
means clustering technique was applied to each of the three different DR technique outputs
for each molecule using 10 as the number of clusters. This number of clusters was used such
that the low-dimensional representations could be sufficiently split up allowing for trends in
the vector space to be visualised. Each of these cluster results on each of the different DR
technique results were then explored manually. Ultimately, the clusters with the cleanest

corresponding BJ histograms were selected as the output of this cleaning method.
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The best cluster across all three embeddings was subsequently selected. The results of this
selection for molecule 1 and molecule 2 are shown in Figure 5.5 and Figure A1.19, respectively.
To make this selection several criteria were used. The main histogram properties that were
desired were the presence of a sharp peak at 0 on the 1D conductance histogram, a narrower
plateau length distribution centred around the molecular length, and the absence of high
conduction points within the 2D histogram after the initial break. In this case, a cluster
selection was made from the UMAP embedding of molecule 1’s Bls. Figure 5.5a shows the
points within low-dimensional space that were selected to yield the corresponding histograms
of Figure 5.5b-d. After this cleaning procedure was complete, there is an obvious
improvement of this cleaning method from the previous filtering method. Here, there are no
traces with conductance values too high, but there is also now a suitable distribution of

plateau lengths which better aligns with the length of molecule 1.

The traditional approach and the DR approach to data filtering were subsequently combined

to explore any combinatory effects. In this method, the data was cleaned initially using the
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Figure 5.6

2-dimensional embeddings of molecule 1’s filtered BJ data. Embeddings were produced using PCA, (a),
t-SNE, (b), and UMAP, (c). Points are separated into ten clusters using the k-means clustering algorithm

and are coloured accordingly.
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Figure 5.7
Results of data cleaning using PCA embeddings on prefiltered data for molecule 1. (a) shows the embedded
data space where the 269 highlighted points (yellow) were taken as clean traces. The histogram analysis of

these clean traces is shown in (b-d).

thresholding method. After this, additional cleaning was then performed on the pre-filtered
data using the DR method. The 2D embeddings produced are shown in Figure 5.6 and Figure
A1.20 along with their cluster labels when applying k-means clustering with 10 clusters. As
before, the results of this combination cleaning method are demonstrated in Figure 5.7 and
Figure A1.25 in the same format. In this case, the PCA embedding of molecule 1’s Bls was
selected with the highlighted cluster being chosen. It is worth noting here, that although PCA
was selected here for molecule 1, each of the three DR algorithms produced results that were
nearly indistinguishable. While not immediately obvious, there are some improvements of this
result from the previous DR only cleaning method. The most obvious change, although still
subtle, is the removal of the traces with a plateau length around Onm. These traces likely

correspond to BJs where molecular binding was not captured.
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Overall, the final cleaned datasets for both molecules 1 and 2 were produced. A comparison
of these two results is shown in Figure 5.8. Considering molecule 1, the resultant plateau
characteristics align with previous information. The plateau length of 2.30+0.68nm roughly
aligns with the molecular structure, and the molecular conductance of -3.28+0.72 log(G/Go)
aligns with other works involving this molecule.*® The molecular conductance of molecule 1
is notably smaller than the conductance associated with molecule 2. Here, there are two
molecular peaks present. These peaks are located at -2.93+0.42 and -3.64+0.28 log(G/Go) for

the high and low bands, respectively. Additionally, the plateau length of molecule 2 was
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Figure 5.8

Conductance and plateau length distributions for molecules 1 and 2. Molecule 1 was measured to have
a conductance of -3.28+0.72 log(G/Go), (a), and a plateau length of 2.30+0.68nm, (b). In comparison,
molecule 2 has two conductance bands at -2.93+0.42 and -3.64+0.28 log(G/Go), (c), and a plateau

length of 0.87+0.12nm, (d).
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measured to be 0.87+0.12nm. Both of these values agree with other works involving this
molecule.”® However, what is not immediately obvious is the reason for this double peak

feature.

5.2.3. Cluster Analysis

When studying the conductance of molecule 2, it can be found that two different conductance
peaks are present. The exact cause of this split of high and low conductance bands has been
a challenge to elucidate. Despite this, the current theory behind these different conduction
bands is that this feature arises due to different molecular orientations within the junction.®
11 When considering the high conductance band, the electrode separation is not so large that
the bound molecule within the junction is fully outstretched perpendicular to the STM
substrate. Instead, the molecule is present at an angle in the junction. As the withdrawal of
the STM tip continues, the molecule is then pulled into the perpendicular orientation where

the conductance behaviour switches to the lower value.

When investigating conductance behaviours as an ensemble using the previous histogram
analyses, it is difficult to ascertain whether the two bands are present due to there being two
distinct plateaus within all traces or if there are two different populations of traces with
different plateau heights. When considering the previous works surrounding this problem, the
prediction is that the former case will be true. To investigate whether this is indeed the case
using novel methods, DR was used to analyse all BJ shapes. This involved embedding each
trace into low-dimensional space followed by cluster analysis. The case of a single population

containing two peaks would manifest as a single cluster in the embedding space.
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2-dimensional embeddings of molecule 2’s clean conductance data. Shown are embeddings produced when

applying PCA, (a), t-SNE(b), and UMAP, (c).

A clean dataset of molecule 2’s BJs with the double conductance peak, found during the
previous section regarding data cleaning, was taken and subsequently embedded using DR.
Figure 5.9 shows the different embeddings when applying the three different DR techniques
used previously. Upon first inspection of these embeddings, it can be seen that all BJs fall
within the same cluster. However, close examination of the t-SNE embedding reveals that
there are two areas of increased density. Because of this, the t-SNE embedding was further

analysed.

The prevalent cluster of the t-SNE embedding was split into a series of subclusters. Here each
sub cluster was analysed such that trends within the parent cluster could be visualised. Figure
5.10a shows how the t-SNE embedding from Figure 5.9b was divided up. In addition to this,
Figure 5.10b shows the average traces generated by averaging over all traces within the
corresponding subcluster. Here, when inspecting the Bls within the highlighted subclusters, it
is revealed that there is little difference between the average trace of each section. Initially,
this would mean that within the entire population of BJs, there are no discernible differences

in features that would result from separable subpopulations. Instead, the 2D embeddings

171



(a) (b)

1.0 EY
et
-J :s‘-‘!f";. [
| P
0.5 ,'.’""i'.. .’.:... R
0.0 - o my ML 2
' --‘N'.ﬂ _.&:'-' .;'- g
£5° .?}ggw' ' >
—0.5 1 PR =
2 P ath
—1.0 1
T T 1 1 _6 T T
-35 -3.0 -25 =20 0.0000 0.0005 0.0010 0.0015
Displacement / pm
Figure 5.10

Cluster analysis of the t-SNE embedding of molecule 2’s BJ data. (a) shows how the embedding was

split into subclusters for the comparison of average trace shape, (b).

shown here form a cluster of traces with a distribution caused by slight deviations from an

overall average trace shape.

However, in this cluster analysis, the entire conductance vectors of the clean dataset for
molecule 2 were taken. Doing this has two effects on the performance of the DR algorithms.
Firstly, as the conductance values were not kept with their corresponding, aligned distance
vectors, each of the conductance traces were not aligned to a common reference point. This
has a drastic effect on the DR performance. Because the traces are not aligned, there is a
knock-on effect whereby each dimension within the high-dimensional vector space do not
share the same semantic meaning. To clarify, without alignment of the conductance values,
the nth point within conductance trace i, and the nth point within conductance trace j, will
only relate with regards to their index position within their own vectors. With alignment, these

indices would instead relate by their distance from a common reference, for example the
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position of the Go conductance feature. Alignment would, therefore, provide a different low-
dimensional vector space, where trends in deviations from a reference point would become
accentuated. The second effect would be caused by taking all conductance values including
values before and after molecule 2’s molecular binding plateau. Incorporating the noisy data
after the molecular plateau and before the Go plateau means these noisy datapoints will have
an impact on the resulting DR embeddings. This is undesirable as the dimensions that
correspond to noise locations may have a greater impact on the DR agent’s training than the
differences within the molecular plateau region. For instance, when considering PCA, the most
important factor that affects training is the variance within dimensions.!? If the dimensions in
these noisy regions contain the highest degree of variance, then PCA would focus on
maintaining this variance at the cost of hiding the variance information in other regions.
Because the desire is to visualise variations in the molecular binding plateau, these areas of

non-interest should be removed.

Therefore, each conductance trace was simultaneously aligned and focussed on an ROI by

using their corresponding distance vectors. These distance vectors were already aligned such
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Figure 5.11

2-dimensional embeddings of molecule 2’s clean conductance data after alignment and ROl focussing.

Shown are embeddings produced when applying PCA, (a), t-SNE(b), and UMAP, (c).
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that, within each trace, the same index at which the distance equals zero corresponds to the
value of Gp within the related conductance trace. Using these aligned distance vectors, the
indices where the distances fell within distance limits were extracted. In this case the distances
of 0.00 to 2.00nm were used. These indices were then used to extract the corresponding
conductance values. The result is a new matrix of conductance values that are both aligned

and focused on an ROI.

Following the alignment and focusing on the ROI, the same process as before was performed.
The new traces were embedded into low-dimensional space using each of the three DR
techniques used previously (Figure 5.11). Upon inspection, it can be seen that in the PCA and
t-SNE embeddings there is a single region of increased density in the lower left with a range
of points spreading out to the top right. Again, these embeddings point toward the conclusion
that there is a single population of BJs with no subpopulations. However, the same subcluster

analysis was carried out again with the intention of revealing any trends in BJ shape.

The PCA embedding was taken for this purpose. As shown in Figure 5.12a, this PCA embedding
was split into three subclusters ranging from the bottom left to the top right of the vector
space. For each subcluster, the corresponding average BJ was calculated and plotted (Figure
5.12b). In this instance, a difference was revealed when plotting the average traces of these
three different subclusters. The average trace shape appears to have a displacement offset
between different regions. More specifically, in the embedded space, those points within the
upper right section of the cluster correspond to Bls with a greater displacement offset. This
displacement offset results from a slower break from the Go plateau down to the molecular

plateau. As consequence of this, the molecular plateau adopts a slanted shape on average
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Figure 5.12

Cluster analysis of the PCA embedding of molecule 2’s BJ data after alignment and ROl focussing. (a) shows

how the embedding was split into subclusters for the comparison of average trace shape, (b).

instead of a flatter plateau feature. Alternatively, the lower right cluster possess BJs with a

sharper break to the molecular plateau which results in a flatter plateau shape.

Overall, this DR approach to cluster analysis can reveal deviations in overall trace shapes. Here
the use of PCA was able to reveal a trend of increasing displacement offset within a dataset of
BJ measurements. These sorts of deviations would have been previously invisible due to the
traditional analysis techniques using histograms. In addition, it was also demonstrated here
how DR and clustering can aid in the cleaning and filtering of raw experimental measurements.
This approach allowed undesirable traces to be filtered from the clean data while considering

the entirety of traces instead of filtering out specific trace features.

5.2.4. Rotaxane Conductance
Using what was learnt from the previous sections regarding DR for data cleaning and cluster

analysis, molecule 3 was subsequently measured and analysed using DR aided strategies. The
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compound in question is similar to a so-called rotaxane, which is the name given to an
arrangement of molecules such that a macrocycle becomes interlocked with a “dumbbell”
shaped molecule.'® These molecules are of particular interest as they can behave as molecular
switches with multiple stable states.'* For instance, chemical moieties can be present on a
rotaxane axle such that it is energetically favourable for the interlocked macrocycle to be
situated at these locations. With multiple locations, the macrocycle can switch between
different stable sites and function as a molecular machine. This switching behaviour can also
be controlled by external influences such as pH and result in changes to the molecular

properties.’®

It has been speculated for some time that these interlocking molecules would provide an
interesting avenue of SM electronic development. Notably, it has been hypothesised that, due
to the switching nature of rotaxanes, they could be suitable candidates for SM data storage.®
Other arguments have proposed that the incorporation of a macrocycle to a long unstable
molecule could result in increased chemical stability allowing for longer oligoyne-based
molecular wires.’” Indeed, one study by Milan et. al. studied a [2]-rotaxane molecule in
comparison to its corresponding axle.’® Whilst the rotaxane-protected molecule showed
increased stability, the propensity of the corresponding rotaxane to form junctions was lower.
In addition to this it was discovered that the axle molecule had a low conductance of -5.01
log(G/Go). However, after incorporation of a macrocycle, the conductance increased to -4.78
log(G/Go). This showed that incorporation of a macrocycle to a long oligoyne molecule could
serve as a method of tuning molecular wire conductivity. Following this analysis, a novel
pseudo-rotaxane host guest complex was synthesized and analysed using STM-BJ to further

explore the potential of rotaxane-like molecules in SM electronics.
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Chemical structure of pseudo-rotaxane molecule 3. (a) shows the interlocked structure of the
molecules axle, (b), and the macrocycle, (c). The distance between each anchoring sulphur group was

measured to be 2.93nm, (b).

The molecular structure of molecule 3, is shown in Figure 5.13. The molecule was synthesized
by other colleagues from the Champness research group from the School of Chemistry. Once
synthesized, the compound took the form of a solid powder. This powder was prepared for BJ
analysis and measured using the steps outlined in Section 5.2.6. Following measurement, the
results of BJ analysis of molecule 3 were cleaned using the traditional thresholding method.
The results of which are summarised in Figure 5.14. The conductance behaviour captured here
is unusual. The first notable feature is the large sloping drop in conductance shown in Figure
5.14a before the captured molecular plateaus. Additionally, after this sloping feature, the

molecular plateaus themselves appear to have two levels. This is also shown in the 1D

conductance histogram (Figure 5.14b). However, when considering the plateau length
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Figure 5.14
Histogram analysis of molecule 3 using filtered data. (a) shows a 2D histogram of conductance vs
displacement, (b) shows the 1D conductance histogram, and (c) shows a histogram of trace plateau lengths.

After filtering, 3937 of the 4000 sampled traces remain.

histogram (Figure 5.14c), these results show a wide range of values with values as high as
25nm. Given that the measured molecular length is 2.93nm, this makes these results difficult
to attribute to molecular binding alone as the plateau lengths are too large. The reason for
these large plateau lengths is likely due to the large sloping feature mentioned previously as
the plateau lengths are calculated using the distance from the datapoints following the
conductance drop from 0 log(G/Go) to the trace noise level measured below -5 log(G/Go).
Regarding the traces as individuals, their appearance will be drastically different to the
example presented in Figure 1.1 due to the presence of the large sloping feature before the

molecular plateau, and due to the presence of there being two distinct molecular plateaus.

The overall appearance of the break junction behaviour is likely due to the long immersion

time of over six hours. Because of this, it is likely that multiple molecules will exist on the
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surface near the region where the STM tip approaches such that multiple molecules can bridge
the gap between the tip and substrate. This would explain the higher-than-expected
conductance readings. Given the conjugation of the pseudo-rotaxane complexes, aggregates
could form which would further facilitate the binding of multiple molecules in parallel to the
tip and substrate. Due to the complexity of this system, determining the cause of each feature
within the BJs is not currently possible without further experimentation. Whilst it is possible
for the large sloping feature to manifest due to strong gold-sulphur bonds as with molecule 1
(Section 5.2.1), this is not the guaranteed cause. Additionally, the presence of two molecular
plateau levels could be explained by changes to the orientation of bound molecular complexes
similarly to molecule 2, (Section 5.2.3), however this cannot be proved without knowledge of

the exact nature of the bound complexes.

Following this initial measurement, a repeat experiment was performed with a shorter
immersion time of four hours with the intention of reducing molecular surface coverage. The
results of this second experiment are summarised in Figure 5.15. Here, there is no sloping
feature present within the 2D histogram (Figure 5.15a). Indeed, the appearance of this
immersion’s conductance-displacement behaviour aligns with the traditional BJ appearances
shown previously. That is, there is a strong conductance peak present at the conductance
guantum, and there is only one molecular plateau region present with a more consistent break
off distance. This result presents itself as a more tidy and reliable measurement, however,
when considering the plateau length histogram (Figure 5.15c), the value of 2.37+0.31nm does
not align with the molecular dimensions in Figure 5.13. Whilst this result doesn’t match, it

could be explained by either the junction breaking before the molecule has been fully
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Figure 5.15
Second histogram analysis of molecule 3 using filtered data. (a) shows a 2D histogram of conductance vs
displacement, (b) shows the 1D conductance histogram, and (c) shows a histogram of trace plateau lengths.

After filtering, 3861 of the 4849 sampled traces remain.

extended, or the electrode surfaces rearranging after the rupture of the Go junction. Overall,

the behaviour of this second repeat is more easily interpreted than the first experiment.

With two datasets of very different appearance, DR was subsequently applied to
simultaneously clean and filter out subclusters within the datasets that align with what is
known from the molecular structure. Namely, subclusters within the 2D embeddings were
extracted if they contained plateau length features that matched the molecular length.
Additionally, subclusters were removed if they contained no molecular plateau, or possessed
noise features that obscured the molecular plateau. From the molecular structure, predictions
can be made as to the expected BJ molecular plateau length. Following the same procedure
as with molecules 1 and 2, the first experimental dataset of molecule 3 was analysed. Here,

PCA was used to produce the 2D embedding presented in Figure 5.16a. The highlighted region
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Figure 5.16

Results of data cleaning using PCA embeddings on molecule 3’s prefiltered data. (a) shows the embedded
data space where the 233 highlighted points (yellow) were taken as clean traces. The histogram analysis of

these clean traces is shown in (b-d).

was extracted to yield the conductance and displacement histograms shown in Figure 5.16b.
This dataset of results returned from the ML cleaning strategy has a much cleaner and
consistent conductance-displacement relationship. However, despite this cleaning the
plateau length distribution is still offset from the undesirable sloping feature. To address this,
the displacement requires alignment to a more appropriate reference point instead of the
previously used Gy distance. In this instance, each BJ trace should be aligned such that the
displacement value of Onm corresponds to the first point of the molecular plateau. This task
is not trivial as this point differs between individual traces in terms of index position,

displacement value, and even conductance value.

Locating the start of the molecular plateau for each trace is related to a common problem in

time-series analysis known as change-point detection. This challenge has been previously
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explored briefly in Chapter 4 when locating anomalies in I(t) data where the so-called “one-
window” approach was incorporated. In this instance, however, to find the location of
molecular plateaus, the “two-window” approach is used instead as this strategy can locate
change-points more precisely. Whilst the one-window approach utilises the iteration and
measurement of a windows value across a time-series, the two-window approach instead
iterates and measures two windows with values. These two windows are always located
together with one window representing the future and the other representing the past. From
these two values a difference is calculated. When this difference exceeds some threshold, a

change point is flagged.?°
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Figure 5.17

Histograms of the conductance’s approximate second derivative vs displacement. (a) shows the initial 2D

relationship, whereas (b) shows the relationship after alignment at the chosen change point.
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This two-window technique was thus applied to every BJ trace within the first experimental
dataset of molecule 3. Here two windows of size 100 were used to measure the gradients at
different past and future positions within traces. The difference of these gradients for each
trace as the windows iterated through were plotted on a 2D dimensional histogram. This is
shown in Figure 5.17a. As these plots show differences in gradients, the resultant plots can be
seen as numerical approximations of the second derivative of their corresponding Bls.
Therefore, at the location where the sloping feature ends and the molecular plateau starts,
the second derivative will have a positive value. However, the first notable instance within
each trace where the second derivative becomes positive would be where the sloping feature
starts after the Go plateau. The second instance where the second derivative becomes positive
would be the location where the desired change point lies. Looking at the 2D histogram of the
second derivative it can be seen that the second occurrence of positive values is consistent
throughout the majority of traces. This makes this event an ideal target for change point

detection.

Using these second derivative plots, the starts of molecular plateaus were found by locating
the first point after the 250t index within each trace that exceeded the value of 100um2. The
skip of the initial 250 data points within each break junction meant that the initial spikes in
the second derivative plots, resulting from Go plateaus, could be avoided whilst maintaining a
high enough sensitivity to detect the start of the molecular plateau. Once each location was
found, the corresponding displacement offsets were extracted and used to zero each trace at
their own corresponding change-point. The resultant aligned second derivative traces are
shown in Figure 5.17b. Here it can be seen that the features located after the new zero point,

have become more pronounced on the 2D histogram. This is because the curve features after
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this zero-point have become aligned and less variable. This will result in @ more consistent

plateau length measurement in the corresponding BJ traces.

After alignment in this manner, the desired displacement limits were applied to remove the
undesirable sloping feature. More specifically, for each trace, the data before the molecular
plateaus were disregarded. To do this, any conductance value with a corresponding
displacement value less than zero was removed. The resultant conductance and displacement
relationship was produced as shown in Figure 5.18. After this alignment and ROI focussing,
the undesirable sloping feature has been removed (Figure 5.18a). Due to the removal of this
feature, there is now a more consistent and visible 1D conductance histogram (Figure 5.18b).
This makes measurement of the upper and lower conductance values easier to achieve. Also,

when considering the plateau length distribution (Figure 5.18c), the values now range
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Figure 5.18
Histogram analysis of molecule 3 after DR cleaning, alignment, and ROI focussing. (a) shows a 2D histogram

of conductance vs displacement, (b) shows the 1D conductance histogram, and (c) shows a histogram of

trace plateau lengths
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between 6 and 10nm. This now aligns with the assumption that two molecules are present
within the junction to yield two molecular plateaus. The combined length of two molecules
would roughly equate to 6nm with variation resulting from the molecular junction breaking

early, or the addition of multiple substrate atoms.

Overall, two different behaviours were observed with molecule 3. Experiment 1 produced BJ
traces with a large sloping feature followed by two separate plateau regions. This dataset
required extensive cleaning to produce the final result providing two mean conductance
values of -1.25+0.08 log(G/Go) and -1.96+0.21 log(G/Go), respectively. Whilst this result had
plateau lengths that corresponded to the molecular length, the presence of the sloping
feature, and the omission of a clean Go peak in the conductance histogram calls for repeat
measurements. Following this initial measurement, a second behaviour was observed. For
experiment 2, the resultant BJ traces yielded a single molecular plateau at -3.08+0.57
log(G/Go) which is lower than what was observed previously (Figure 5.15). This measurement,
however, contained plateau lengths with an average of 2.37+0.31nm and are therefore
shorter than the fully extended structure of the molecule. In this instance, however, there was
a sharper, more obvious Gp peak that indicates a cleaner experiment. Either way, both results
revealed conductance behaviour that is larger than expected given the length and lack of
conjugation of molecule 3’s axle (Figure 5.13). In summary, molecule 3 presents interesting
electrical behaviour that requires further investigation. This would involve repeat BJ
measurements of molecule 3, as well as measurements of molecule 3’s axle without the
macrocycle. This would allow a better understanding of the electrical behaviour of rotaxane-

like molecules that could result in a larger range of possible molecules for SM electronics.
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5.2.5. Concluding Remarks

In conclusion, a total of three molecules have been analysed using STM-BJ. These three
molecules include two well-known and previously measured molecules, as well as a third
novel pseudo-rotaxane molecule. The two initial molecules were used to benchmark the use
of DR for ML-enhanced BJ analysis. In the case of molecule 1, it was shown that DR can be an
effective tool for aiding in the cleaning and filtering of large datasets whilst incorporating the
entirety of measured traces. Here, a clean subset was extracted from a dataset containing a
large proportion of undesirable traces. In addition to this, DR was then used to analyse a clean
dataset of molecule 2’s conductance measurements to analyse subpopulations within a
parent population of BJ traces. Trends within a cluster of BJs were analysed by extracting
subpopulations from a uniform cluster in a low-dimensional embedding. This allowed changes

in overall trace shape across the population to be elucidated with relative ease.

After these two benchmark molecules were explored from a DR perspective, this ML analysis
method was then applied to molecule 3 to aid in the analysis of a previously untested molecule.
Here DR aided in extracting subpopulations of traces that agreed with models of molecule 3’s
length. Using this approach several conductance behaviours were discovered. All of which

possess magnitudes that are greater than expected for the corresponding molecular length.

The overall properties for each molecule that were measured are summarised in Table 5.1.
The acquisition of each of these results was greatly aided by the incorporation of ML
techniques. These results, therefore, point to the usefulness of ML techniques in aiding with

BJ analysis, as a novel molecule has been brought to light with relative ease.

186



Table 5.1
Summary of BJ results for each molecule. Results show the measured molecular conductance of any plateaus

present. Also shown are the plateau lengths compared with their expected lengths taken from molecular

models.
Molecule 1 -3.28+0.72 2.30+£0.68 2.01
Molecule 2 -2.93+0.42 -3.64+0.28 0.87+0.12 0.72
Molecule 3i -1.25+0.08 -1.96+0.21 7.45+1.01 2.93
Molecule 3ii -3.08+0.57 2.3710.31 2.93

5.2.6. Materials and Methods

For this project the materials and methods used are largely the same as those stated in Section
3.4.1. The same STM setup is utilised, and the same sample preparation steps are adopted.
However, when preparing STM tips for BJ experiments, the coating step is omitted as
electrochemical control is not required. Because of this, the preparation of counter and
reference electrodes is also omitted. Assembly of the STM sample plate and scanner is also

the same with the only difference being the removal of the extra electrodes from the process.

The three molecules used in this chapter were prepared as follows. For molecule 1, 8.531mg
of S,5'-[1,4-Phenylenebis(2,1-ethynediyl-4,1-phenylene)]bis(thioacetate) was dissolved in a
2ml solution of a 1:4 mix of tetrahydrofuran and mesitylene to yield a 10mM stock solution.
This solution was then diluted to 100uM by mixing 20ul of the 10mM stock with 1.98ml of the
1:4 THF mesitylene mix. The resultant 100uM solution of molecule 1 was then aliquoted onto
the STM sample plate prior to BJ sampling. The same approach was also used to prepare a

100uM solution of molecule 2. Here 3.124mg of 4,4’-bipyridine was dissolved in the same
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solvent solution to yield a 10mM stock. From there the same dilution took place by mixing
20ul of this stock with 1.98ml of the solvent mix. This 100uM stock was then aliquoted onto

the STM sample.

Molecule 3, however, required a slightly different approach. In this instance, a 100uM stock
was prepared by diluting a 1mM stock. The initial 1mM stock was prepared by dissolving
3.199mg of the pseudo-rotaxane powder in 2ml of acetonitrile. This concentrated stock was
further diluted by aliquoting 0.2ml into 1.8ml of acetonitrile. Following this, to functionalise
the gold substrate for BJ analysis, the gold substrate was immersed in the prepared 100uM
solution prior to STM assembly. After immersion for the desired time, typically between 4 to
8 hours, the sample is briefly washed with 1ml of acetonitrile to remove any excess residues.

Assembly then proceeds as normal.

Once set up, BJs were sampled with the following logic. The STMs setpoint was set to a value
higher than the conductance quantum. In this case, on the logarithmic preamplifier utilised,
the setpoint of 2.5V was set at an applied bias of 0.05V. These parameters were used for all
three molecules. Once the high setpoint is acquired, the BJ withdrawal distance and the
withdrawal speed are set. A summary of these parameters for each molecule are presented
in Table 5.2. BJs are then sampled in bursts of 2000 withdrawals. Between each withdrawal
the system has an automatic settling time to allow time for the setpoint to be reacquired. This

is set to 2 seconds for all experiments.
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Table 5.2

Summary of BJ parameters used for each molecule. These are the withdrawal distance and the withdrawal

speed of the STM tip.
Molecule 1 0.015 0.008
Molecule 2 0.010 0.010
Molecule 3-1 0.030 0.029
Molecule 3-2 0.010 0.010

Lastly, the ML analyses of all BJ results were carried out using the same python programming
environment stated previously in Section 3.4.3. On top of this a new package was installed.

This is the umap-learn (v0.5.3) package to provide access to the UMAP DR algorithm.

The manual cleaning algorithm was also written in the previous programming environment
with the following logic. Firstly, all traces were aligned with the Go reference point. To do this
a window of 10 samples was iterated through each trace. The first location where the average
value of the window dropped below a conductance value of -0.1 log(G/Go) was labelled as the
zero-mark. The corresponding displacement traces were then offset to make the distance that
corresponds to the zero-mark equal 0. From here, each trace’s plateau length was calculated.
This was achieved by using the same iterating window of size 10 approach. The first average
conductance value to drop below the threshold of -5.0 log(G/Go) was found to extract the
corresponding displacement. After this alignment and plateau length calculation, traces were
then filtered. Three properties were tested in total. These are the trace’s average conductance,
the traces plateau length, and the average value of the traces last 10 points. Traces were

removed from the dataset as dirty traces if these properties were measured to be too large
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or too small. The filters used for each of the three molecules are summarised in the following

table (Table 5.3).

Table 5.3
Summary of thresholds used for cleaning each molecule’s BJs. These include thresholds for the trace’s

average current value, the trace’s plateau length, and the noise oscillations within the trace’s tails.

Molecule 1 -3.0 -6.0 10.0 0.0 -4.0
Molecule 2 -3.0 -6.0 2.0 0.0 -4.0
Molecule 3 -0.5 -6.0 30.0 0.0 -3.0

5.3.  Cyclic Voltammetry

The application of DR for subpopulation analysis and clustering is not limited to the previously
demonstrated application of BJ analysis. The use of this analysis approach can be applied to
any problem set where vast amounts of high-dimensional data are produced. To demonstrate
this versatility, DR and trend analysis was applied within the field of CV to quantify overall

changes in CV shapes.

5.3.1. Unsupervised Classification of Voltammetric Data Beyond Principal Component Analysis
One of the challenges that are present within electrochemical analysis of compounds is the
interpretation of CVs. These challenges, previously discussed in Section 1.2.1, demand a
considerable amount of manual processing and analyses to understand the mechanical
differences between individual CVs. Therefore, the idea was conceived that ML could

potentially serve as an automated solution to organising CVs into groups of like characteristics

190



by incorporating their entire shape. As this challenge requires an unsupervised approach to

analysing trends in groups, DR was aptly chosen for this task.

In addition, it is generally accepted that, for ML analyses to be successful large amounts of
data are required.?!"23 Contrary to this, CV datasets typically do not involve thousands of
individual repeats of the same environment.?* Because of this, the idea to apply DR to a small
dataset was coupled with the ML technique known as TL. TL is a technique that aims to
improve learning with small datasets by incorporating pretrained models into a new problem
set. This generally results in improved performance than training a new model alone on a small

dataset.?®

From these ideas, a CV study to explore the potential of TL and DR in an electrochemical
setting was carried out by Weaver et al. (Appendix 3).2° This study involved the generation of
a dataset of 18 CVs using a commercially available simulation software. Within these 18 CVs,
there existed two properties that were varied between each. These properties are the
electrochemical reaction mechanism and the corresponding electrode radius. Three reaction
mechanisms were selected. These are the E type, the EC type, and the ECE type mechanisms.
E corresponds to an electron transfer reaction, whereas C corresponds to a chemical reaction.
Therefore, ECE corresponds to a three-stage reaction of an E reaction followed by a C reaction
then another E reaction. Within these three groups there exist six CVs each with a separate
electrode radius, which range uniformly on a logarithmic scale from 1x10* to 1x10%cm. These
CVs were used to create three separate datasets of 18 CVs that each correspond to different
representations of the initial traces. This includes a vector, an image, and a features

representation. The vector representation corresponds to the raw CV trace taken as a 600-
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dimensional vector. The image representation manifests as the plotted CVs saved as 1080 by
1080 RGB images. Finally, the features representation corresponds to the images dataset after

having features extracted using a pretrained VGG-16 convolutional head.

For each of the three different datasets of pre-processed CVs, DR was applied using PCA, t-
SNE, and UMAP. Once the low-dimensional embeddings were produced, the resultant 2D
vectors were plotted and labelled with their corresponding reaction mechanism and electrode
radius. For many of the representations, there was a clear trend of increasing electrode radius
across the low-dimensional vector spaces. To quantify how well CVs with like electrode radii
clustered in the embeddings, the silhouette score was implemented. Here the silhouette
scores for each point in a cluster of like electrode radii were calculated and averaged to
provide a measure of accuracy for the clustering. Overall, it was discovered that applying t-
SNE to the vector dataset of CVs was best at expressing the likeness of electrode radii in low-

dimensional space.

Additionally, another metric was incorporated. This metric was simply the sum of the three
distances between each CV’s 2D vector at a specific electrode radius. This metric, called the
perimeter score, provides a degree of separation between CVs of different electrode
mechanism. Within each representation there were six perimeter scores calculated and
subsequently averaged to yield the overall score for an embedding. Ultimately, it was found
that applying t-SNE to the vector representations also yielded the highest average perimeter

score.

Given that t-SNE was able to yield the highest silhouette and perimeter scores, it was

concluded that this DR technique was best for representing the CVs in 2D space whilst
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demonstrating the mechanical differences between the reaction conditions. It is also worth
noting that additional investigations into the effect of noise on the performance of each DR
technique was carried out. Alongside this, there was also additional steps taken to ensure that
each of the different methods utilised the optimum parameters for their chosen tasks. Both
of these, as well as additional figures were presented in this study’s supporting information,

(Appendix 3).

Overall, the use of DR on a small dataset of CVs was able to express trends in complex data
shapes without the need for any prior assumptions or manual data processing. Additionally,
these trends matched the trends of the governing parameters, where CVs produced from the
same electrode radius clustered together in the 2D embedded space. This demonstrates an

additional application of ML techniques for unsupervised classification.
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Chapter 6

Conclusions and Recommendations for
Future Work
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In Chapter 1, the difficulties of SM experimentation were introduced. Namely, the use of
highly sensitive equipment to measure nanoscale physical objects is fraught with notorious
variation in measurement that require vast amounts of data to be collected. The traditional
approach to analysis of SM datasets relies on statistical analysis of distributions through
histogram analysis. The example of STM-BJ and the STM I(t) technique were introduced to
demonstrate this. However, the application of statistical methods to large, high-dimensional
datasets with a wide variety of influencing variables is difficult. For such an analysis to proceed,
assumptions are made regarding which variables are the most decisive factors for a given
investigation. In the example of I(t) events, the event height and duration are the most
commonly analysed properties. Analysis processes such as these result in a large loss of

information to ease the analytical process, which can result in less than optimum results.

Typically, the goal of an I(t) technique study is to use the measured behaviour to make
predictions about the nature of the captured single molecule. The most explored application
of this is the classification of I(t) events for DNA sequencing. Here, ML techniques are better
suited for the purposes of data classification as these techniques typically possess higher
predictive capabilities when compared to statistical techniques. Indeed, Chapter 3 presented
a simulated I(t) dataset of five classes which possessed events with properties that overlapped
considerably. Traditional statistical methods would be unable to separate the individual
classes, whereas the use of an RFC and a CNN could both produce classification accuracies of
95%. These results proved that ML techniques within the classification of I(t) events have

superior classification capabilities when compared to distributional analyses.
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Because of the success of the classification of these simulated I(t) events, the use of electrical
tunnelling currents for the purpose of nucleotide classification appears more plausible as
accurate classification was shown to be possible despite the overlap of event properties.
Therefore, in an effort to ease experimentation with the I(t) technique such that an
experimental dataset of nucleotide data could be acquired, Chapter 3 also presented a novel
experimental procedure. Here, the “soft” I(s) technique was implemented to determine the
tunnelling decay constant for the aqueous medium used in nucleotide measurements. With
this constant, any measured setpoint could be mapped to a corresponding tunnelling distance.
This mapping was used to calculate a setpoint that resulted in a tunnelling distance that
matched the physical dimensions of the molecule to be measured. Overall, this approach, in
tandem with electrochemical control, allowed I(t) events to be detected without the need for

recognition elements or nanofluidic channels that are present in the literature.

Despite the successful measurement of rAMP using the STM I(t) technique, the next challenge
of data analysis was made apparent. Whilst I(t) events could be measured, the extraction of
these events from I(t) traces proved to be challenging as extracted events could be classed as
either being true or false positives. Therefore, Chapter 4 explored various methods by which
anomalies could be detected within time-series datasets. To provide a comparison of
statistical methods against ML techniques both statistical and ML methods were incorporated.
In summary, the highest event detection accuracy was achieved by a statistical technique
whereby a moving average was applied to exaggerate true events from noise. This technique
achieved a ROC AUC score of 0.97 when detecting events with an SNR of only 0.1. In
comparison a convolutional AE achieved a lower score of less than 0.7. This result showcased

an instance where a statistical method resulted in a higher predictive score than an ML agent.
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Overall, Chapter 4 presented a thorough investigation into anomaly detection capabilities that
can be achieved with I(t) event detection, which resulted in the successful capture of events

with an SNR as low as 0.1, given that events contain a sufficient number of datapoints.

With effective methods for both nucleotide measurement via the I(t) technique and anomaly
detection in time-series data having been achieved, subsequent experimentation should be
carried out to acquire a full dataset of extracted I(t) events for each of the four DNA
nucleotides. From here CNN classifiers should be employed for the classification of
experimental data to ascertain if the same high accuracy can be achieved with data sampled
from real world sources. Additionally, whilst high accuracies were achieved for both I(t)
classification and anomaly detection, future work should also strive to achieve even more
accurate results. To that end, alternative CNN architectures should be explored for
classification, and alternative ML algorithms should be explored for anomaly detection. As an
alternative to AEs for anomaly detection, regression and forecasting agents should be

investigated.

In addition to the classification and anomaly detection studies, other experiments have been
discussed where unsupervised ML techniques have been the focus. To demonstrate the
versatility and clustering capabilities of ML techniques, DR techniques were showcased in an
STM-BJ setting and a CV setting within Chapter 5. In both cases, application of DR techniques
to datasets was able to effectively visualise trends in the overall shapes of both BJ traces and
CVs. For STM-BJs, DR was effectively implemented for the purpose of data cleaning by
separating undesirable traces from tidy BJ pulls. This separation ability was also used to

explore variations in molecular plateau shapes and was able to visualise more complicated
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trends that were obscured within conductance histograms. This unsupervised strategy was
also used to aid in the characterisation of an original pseudo-rotaxane molecule. By clustering
2D representations of BJ measurements, a clean dataset was produced that displayed a
higher-than-expected molecular conductance. This result demonstrates that rotaxane-like
molecules may have the potential to serve as long molecular wires with high conductivity

which would be invaluable to SM electronics.

The promising pseudo-rotaxane results were also made possible due to the incorporation of
a unique alignment process. Using concepts from anomaly detection, change point detection
was employed in an analysis pipeline where the start of molecular plateaus could be
automatically located for each individual trace. This process meant that, instead of aligning at
the distance where conductance breaks from Go, traces can be aligned to the start of the
molecular plateau. Because of this new alignment, the resultant plateau length distribution
had a smaller variation resulting in a more accurate plateau length measurement. Alignment
via these means also meant a more reproducible molecular plateau could be seen on a 2D

conductance histogram.

With the development of an ML-enhanced analysis process, and an improved alignment
process, continued measurement of the pseudo-rotaxane molecule should be carried out.
Repeat experimentation would provide a more insightful view into the conductance behaviour
of rotaxanes in general. Additional experimentation should also compare the conductance of
the pseudo-rotaxane molecule to the conductance of the non-protected axel molecule to
better understand the effect of the interlocking macrocycle. This would provide further insight

into the electronic behaviour of rotaxane-like molecules.
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To conclude, the use of ML techniques has been shown to yield predictive results that are
superior to statistical analysis approaches. Due to this enhanced capability, new and
previously challenging SM concepts have been explored with relative ease. As such, the
application of ML techniques to data interpretation should be considered by chemical

analyses in general.
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Appendix

Appendix 1 Additional Figures
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Figure A1.1 Three repeat ensemble measurements of the tunnelling decay constant, 3, as part
of I(t) distance calibration.
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Figure A1.2 Autocorrelation function for a simulated section of background trace. There
appears to be no correlation between the trace and itself at any time delay other than 0. This
implies the trace is largely random as no patterns have emerged.

201



(a) (b) (c)

<
£ 0.050 - . .
~
€ 0.025
g 0.
.
o
245 250 155 160 275 280
Time / ms Time / ms Time / ms
(d) (e)
<
f_ 0.050 - e
T 0.025
s 0.
|
5 0.000 - :
o
220 225 215 220
Time / ms Time / ms

Figure A1.3 Example simulated I(t) events for each class. Classes were labelled as phosphate,
(a), rAMP, (b), rTMP, (c), rCMP, (d), and rGMP, (d), respectively.
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Figure A1.4 Results of the parameter optimization for the KNN classifier. Shown are the
accuracies (blue) and the MCC scores (orange) associated with each value for K.
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Figure A1.5 Results of the parameter optimization for the RFC. Shown are the accuracies (blue)

and the MCC scores (orange) associated with each value for the number of trees within the
forest.

203



(a)

Current / pA

(b)

0.0 1

0.0 0.2 0.4 0.6 0.8 1.0
Time /s

Figure A1.6 Comparison of a simulated I(t) trace with anomalies, (a), to the corresponding

trace of window ZCR values, (b), when using the ZCR method with a window size of 100 and a
step size of 10.
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Figure A1.7 Comparison of a simulated I(t) trace with anomalies, (a), to the corresponding
trace of window MAE values, (b), when using the AE method with a window size of 100 and a
step size of 10.
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Figure A1.8 Distribution of MAE values calculated from event traces with an SNR of 2. MAEs
were calculated with a window size of 100 and a step size of 10. The distribution of values
above 0.14 are a result of anomalies that were not present in the background trace.
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Figure A1.9 Comparison of a simulated I(t) trace with anomalies, (a), to the corresponding
trace of window average values, (b), when using the moving average method with a window
size of 100 and a step size of 10.
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Figure A1.10 Distribution of average values calculated from event traces with an SNR of 2.
Averages were calculated with a window size of 100 and a step size of 10. The distribution of
values above 0.4 are a result of anomalies that were not present in the background trace.
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Figure A1.11 Example events found using the moving average method on experimental RPS
data. (a) shows an event with a long duration, (b) shows an event with a large height, and (c)
shows an event with both short height and duration.
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Figure A1.12 Histogram analysis of molecule 2 using uncleaned data. (a) shows a 2D histogram

of conductance vs displacement, (b) shows the 1D conductance histogram, and (c) shows a
histogram of trace plateau lengths. A total of 2000 traces were sampled.
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Figure A1.13 Histogram analysis of molecule 2 using filtered data. (a) shows a 2D histogram

of conductance vs displacement, (b) shows the 1D conductance histogram, and (c) shows a
histogram of trace plateau lengths. After this filtering, 1575 traces remain.
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Figure A1.14 2-dimensional embeddings of molecule 2’s uncleaned BJ data. Embeddings were
produced using PCA, (a), t-SNE, (b), and UMAP, (c). Points are separated into ten clusters using
the k-means clustering algorithm and are coloured accordingly.
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Figure A1.15 Results of data cleaning using PCA embeddings for molecule 1. (a) shows the
embedded data space where the 177 highlighted points (yellow) were taken as clean traces.
The histogram analysis of these clean traces is shown in (b-d).
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Figure A1.16 Results of data cleaning using t-SNE embeddings for molecule 1. (a) shows the

embedded data space where the 153 highlighted points (yellow) were taken as clean traces.
The histogram analysis of these clean traces is shown in (b-d).

211



(a) (b) (c)

100 f . - 1500
gyt 01=
- 1000
. ,'.: .'." ‘ g > 500
50 1 ' - § .
. . o
- .: 2 _4 i
0 1 . |
_6 T
(d) Counts
—-50 A 1]
[
3
[=]
(&)
_100 1 T T T 1
0 100 200 300 0.000 0.002

Displacement /um

Figure A1.17 Results of data cleaning using PCA embeddings for molecule 2. (a) shows the
embedded data space where the 1609 highlighted points (yellow) were taken as clean traces.
The histogram analysis of these clean traces is shown in (b-d).
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Figure A1.18 Results of data cleaning using t-SNE embeddings for molecule 2. (a) shows the

embedded data space where the 1582 highlighted points (yellow) were taken as clean traces.
The histogram analysis of these clean traces is shown in (b-d).
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Figure A1.19 Results of data cleaning using UMAP embeddings for molecule 2. (a) shows the
embedded data space where the 1612 highlighted points (yellow) were taken as clean traces.
The histogram analysis of these clean traces is shown in (b-d).
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Figure A1.20 2-dimensional embeddings of molecule 2’s filtered BJ data. Embeddings were
produced using PCA, (a), t-SNE, (b), and UMAP, (c). Points are separated into ten clusters using
the k-means clustering algorithm and are coloured accordingly.
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Figure A1.21 Results of data cleaning using t-SNE embeddings on prefiltered data for molecule
1. (a) shows the embedded data space where the 272 highlighted points (yellow) were taken
as clean traces. The histogram analysis of these clean traces is shown in (b-d).
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Figure A1.22 Results of data cleaning using UMAP embeddings on prefiltered data for

molecule 1. (a) shows the embedded data space where the 274 highlighted points (yellow)
were taken as clean traces. The histogram analysis of these clean traces is shown in (b-d).
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Figure A1.23 Results of data cleaning using PCA embeddings on prefiltered data for molecule
2. (a) shows the embedded data space where the 1409 highlighted points (yellow) were taken
as clean traces. The histogram analysis of these clean traces is shown in (b-d).
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Figure A1.24 Results of data cleaning using t-SNE embeddings on prefiltered data for molecule

2. (a) shows the embedded data space where the 1227 highlighted points (yellow) were taken
as clean traces. The histogram analysis of these clean traces is shown in (b-d).
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Figure A1.25 Results of data cleaning using UMAP embeddings on prefiltered data for

molecule 2. (a) shows the embedded data space where the 1194 highlighted points (yellow)
were taken as clean traces. The histogram analysis of these clean traces is shown in (b-d).
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Appendix 2 Neural Networks

(a)
InputLayer input: | [(None, 2000, 1)1
output: | [(None, 2000, 1)] )
¢ 0.1 1
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ConvlD | relu - |
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L
2]
inpul: | (Neone, 1000, 32) O b O i
Dropout E
output: | (None, 1000, 32)
c 1D I input: | (None, 1000, 32) . . . - )
onv el output: | (None, 300, 16) 0 1 2 3 4
: 3 1
ConviDTs relu | input; ‘ (None, 500, 16) | (c)
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Dropout input: | (None, 1000, 16) T
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Figure A2.1 Summary of the convolutional AE model with the 2000-point window input size.
(a) shows the network architecture of layers including activation functions and output
dimensionality. (b) shows MSE loss and accuracy on the validation dataset during training. (c)
shows the MSE loss and accuracy on the training dataset during training.

217



(a)
(b)
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Figure A2.2 Summary of the convolutional AE model with the 1500-point window input size.
(a) shows the network architecture of layers including activation functions and output
dimensionality. (b) shows MSE loss and accuracy on the validation dataset during training. (c)
shows the MSE loss and accuracy on the training dataset during training.
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Figure A2.3 Summary of the convolutional AE model with the 1000-point window input size.
(a) shows the network architecture of layers including activation functions and output
dimensionality. (b) shows MSE loss and accuracy on the validation dataset during training. (c)

shows the MSE loss and accuracy on the training dataset during training.
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Figure A2.4 Summary of the convolutional AE model with the 500-point window input size. (a)
shows the network architecture of layers including activation functions and output
dimensionality. (b) shows MSE loss and accuracy on the validation dataset during training. (c)
shows the MSE loss and accuracy on the training dataset during training.
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Figure A2.5 Summary of the convolutional AE model with the 100-point window input size. (a)
shows the network architecture of layers including activation functions and output
dimensionality. (b) shows MSE loss and accuracy on the validation dataset during training. (c)
shows the MSE loss and accuracy on the training dataset during training.
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Figure A2.6 Summary of the convolutional AE model with the 20-point window input size. (a)
shows the network architecture of layers including activation functions and output
dimensionality. (b) shows MSE loss and accuracy on the validation dataset during training. (c)
shows the MSE loss and accuracy on the training dataset during training.
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Appendix 3 Unsupervised Classification of Voltammetric Data Beyond

Principal Component Analysis
Here the manuscript and supporting information of the paper “Unsupervised Classification of
Voltammetric Data Beyond Principal Component Analysis” has been integrated this thesis. For
this collaborative piece of work, the data analysis and figures were the main contribution of
myself with additional contributions being made to manuscript writing and analysis pipeline

development.

223



o
Q
=
o
Q
2
—_
=
D
i~
=}
[=N
=
=]
=
e
—_
=
o
1)
£
E
=}
O
=
=}
&
=
c
E
=l
g
=]
<
vy
=}
=}
E
=)
Q
QU
]
>
=
]
o
-
&)
«
-
(5]
=
=}
=
=
5]
vl
=
o
5]
=
.8
o
_y
3]
=
S
2
E

A
o
gl
=)
i
wy
o
ol
=)
ol
o
wy
—
=
wy
=
S
=]
=
3
=}
=
=
2z
<
A
i
ol
=)
ol
=
%
3
2
<
~
—
=
S
=]
L¥]
=
w
2
=
=
w
)
I
j=
<<
w
o
4]
3
<
=
|5}
=9
@]

ChemComm

‘ 'i) Check for updates ‘

ROYAL SOCIETY
OF CHEMISTRY

(3

Unsupervised classification of voltammetric data

beyond principal component analysisT

Cite this: Chem. Commun., 2022,

58, 10170 .
Christopher Weaver,

Received 6th June 2022, Tim Albrecht (2 *@

Accepted 17th August 2022
DOI: 10.1039/d2cc03187f

rsc.li/chemcomm

In this study, we evaluate different apoproaches to unsupervised
classification of cyclic voltammetric data, including Principal Compo-
nent Analysis (PCA), t-distributed Stochastic Neighbour Embedding
(t-SNE), Uniform Manifold Approximation and Projection (UMAP) as
well as neural networks. To this end, we exploit a form of transfer
learning, based on feature extraction in an image recognition network,
VGG-16, in combination with PCA, t-SNE or UMAP. Overall, we find
that t-SNE performs best when applied directly to numerical data
(noise-free case) or to features (in the presence of noise), followed by
UMAP and then PCA.

Voltammetric data contain a wealth of mechanistic, kinetic, and
analytical information about the system under study and are
routinely used in a wide range of applications, including for
the basic characterisation of redox-active materials," surface
characterisation® and the study of electrocatalytic processes.” In
some cases, the amount of available data is small and their analysis
can readily be performed ‘by hand’. Typically, this information is
extracted based on theoretical models, for example in relation to the
dependence of peak currents on analyte concentration or scan rate,
to mass transport and the effect of electrode geometry or the overall
shape of the voltammetric signal.*” Deviations from model beha-
viour can significantly enhance the complexity of the task, but may
be addressed using numerical modelling or calibration.®

In other applications, however, data are recorded in an (semi-)
automated way and are then much more abundant. Examples
include high-throughput screening,” autonomous sensing and
quality control,® and electrochemical surface imaging.” This calls
for automated analysis methodologies, which is relatively straight-
forward, if the system behaviour is well-understood, robust and
well-defined. In such cases, specific observables, such as the

@ School of Chemistry, University of Birmingham, Edgbaston Campus, Birmingham
B15 2TT, UK. E-mail: t.albrecht@bham.ac.uk

® Faculty of Mechanical Engineering, Helmut Schmidt University, 22043 Hamburg,
Germany

1 Electronic supplementary information (ESI) available. See DOI: https://doi.org/

10.1039/d2cc03187f

10170 | Chemn. Commun., 2022, 58, 10170-10173

@ Adrian C. Fortuin,

3 Anton Vladyka"'? and

current at given potential or the peak current, may be used to
extract the quantity of interest.

However, the analysis task becomes significantly more chal-
lenging, if this is not the case. For example, the data may reflect a
mixture of different electrochemical processes, be recorded
under varying geometrical conditions or be affected by device
failure or contamination."”*" In such cases, unsupervised dimen-
sionality reduction techniques such as PCA have been employed,
which to some extent consider the overall appearance of the
data."* " Beyond PCA, there are however other, potentially super-
ior dimensionality reduction techniques, such as non-linear,
stochastic methods, which aim to reproduce neighbourhood
relations in high-dimensional data space in a lower dimensional
representation. Those have not found widespread application in
electrochemistry yet and we will therefore explore two examples,
namely t-SNE'®'7 and UMAP,"®" and benchmark those against
an implementation of linear PCA. Supervised methodologies,
which do require labelled training data, have been introduced
to the field recently and show promise for some applications.>*
However, they will not be in focus here. In addition to the three
dimensionality reduction techniques mentioned above, we will
also consider three different data input formats and evaluate
their effect on the classification performance. These are raw
numerical data (ie (scaled) current-potential value pairs), b/w
images of the CVs as well as the feature extractor output of an
image recognition network, VGG-16, as illustrated in Fig. 1.>**
The latter is based on the idea that such networks are able to
identify salient features in physico-chemical data, despite initially
being trained on unrelated image data of everyday objects. We
recently demonstrated this approach for single-molecule charge
transport data using another image recognition network,
AlexNet,***® and were able to identify previously undetected
sub-populations in the data. Interestingly, while this has ele-
ments of transfer learning or Artificial General Intelligence, the
fact that the feature extractor does not require re-training also
demonstrates that such Deep Learning architectures can be
employed successfully in the absence of large amounts of, or
indeed any, domain-specific data.

This journal is © The Royal Society of Chemistry 2022
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Fig. 1 Schematic of the unsupervised classification process (right) along-
side examples of simulated CVs (left). CVs were simulated for 'E’ (grey), 'EC’
(light blue), and 'ECE’ (dark blue) reaction mechanisms at varying electrode
radii. In general, CVs are pre-processed in three formats: images; features;
and data. The data and image sets are created by taking the datapoint or
converting graphs into images, respectively. The Features dataset is
created by utilising a pretrained VGG-16 CNN feature extractor. See ESI,{
and main text for more details on the simulation and analysis pipeline.

In order to establish an unequivocal “ground truth”, we use
simulated data (Digisim®™ v3.0), in some cases with added noise
(vide infra). A total of 18 CVs was generated for three different,
classic electrochemical reaction mechanisms, namely electron
transfer (E), electron transfer coupled with a homogeneous
chemical reaction (EC) and a sequence of electron transfer/
homogeneous chemical reaction/electron transfer (ECE), for
electrode radii ranging from 10" to 10 ® cm, Fig. 1. This
choice is to some extent arbitrary and mainly served to generate
well-defined, distinct cyclovoltammetric responses. However,
the specific thermodynamic and kinetic model parameters
were taken from a well-known and well-characterised example,
namely the electrochemical oxidation of aniline to polyaniline,
see Sections S1 and S2 in the ESIT for further details.*”*®

The raw numerical data values were scaled between —1 and 1
(comparable to the image data), in order to emphasize shape, rather
than the magnitude of the current, and to facilitate a comparison
with the analysis of other input formats used in this study. In
practical applications, the electrode radius is normally given, but
changes in appearance could conceivably have other origins.

After dimensionality reduction, each CV was represented in a
two-dimensional projection, with each E/EC/ECE triplet span-
ning a triangle of perimeter P, where larger P scores correspond
to better separation between the three mechanisms (each
component scaled from0to1,s00 < P < 2+ v/2; over all 18
CVs). In addition, to quantify the separation of triplets, we used
the mean silhouette value of each triplet, as defined in eqn (1):

b—a
- max(a, b) ()
where a is the average intra-cluster distance of a cluster and b
the average nearest-cluster distance over all samples. Hence, S
scales from —1 to +1, where +1 indicates perfect separation of
the triplet clusters (all points assigned correctly).
Considering dimensionality reduction applied directly to the
raw (value pair) data first, the different metrics are summarised
in Fig. 2. Column (a) shows the value triplet for r=1 x 10" cm,

This journal is © The Royal Society of Chemistry 2022
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Fig. 2 PCA, UMAP, and t-SNE applied to raw numerical data (a) 2D projec-
tions of CVs at the 107! cm electrode radius showing six repeats of the
dimensionality reduction process. Reducers were optimised for the perimeter
metric. (b) Average perimeter scores at each electrode radius (log scale) when
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(a and c) are determined by the radius colour bar (right). (d) Average silhouette
scores at each electrode radius when optimised for silhouette score.

-3.0 0.0

for PCA (top), UMAP (centre) and t-SNE (bottom), see Fig. 1. For
this particular radius, PCA produces a point triplet that is
roughly equally separated, even if the perimeter score is rela-
tively small. It is larger for other electrode radii, column (b), and
reaches a maximum for r =1 x 10™* cm. Under these condi-
tions, the E and EC mechanisms produce very similar CVs,
which is reflected in a rather large, but irregular triangle in the
reduced dimensional representation, column (c). Based on the §
score and an optimised set of hyperparameters, column (d),
separation by electrode radius works best for the small and large
radii, less so for the intermediate range. This is in part a
manifestation of the interdependence of the perimeter and
silhouette score metrics, as large perimeter values are more
likely to result in overlap between adjacent point triplets and
hence reduced silhouette values. However, we have used this
approach to facilitate the comparison across the entire dataset
as well as between the different dimensionality reduction tech-
niques. Notably, when optimised for maximum perimeter score,
UMAP and t-SNE produce larger P scores, compared to PCA,
suggesting that those two techniques provide better separation
between the three mechanisms. However, to account for the
stochastic nature of both UMAP and t-SNE, where the outcome
can show some variation from run to run, we show averages of P
and S, as well as associated 95% confidence intervals for UMAP
and t-SNE (20 repeats each), as shown in Fig. 2(b) and (d). In
terms of P score and across all electrode radii, UMAP broadly
follows the trend observed in the PCA results, while t-SNE
appears to show a more consistent performance throughout.
The UMAP and t-SNE results shown in columns (c) and (d)
are optimised for maximum § score. Normalised over the entire
dataset, it becomes apparent that some ability to differentiate
between mechanisms is lost (small P scores for large r, for
example), but that those triplets are then well-separated from
the others (relatively high S score). Conversely, at intermediate
radii, separation by mechanism is still satisfactory (relatively
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Fig. 3 PCA, UMAP, and t-SNE applied to b/w image data. Plots are
arranged in the same way as in Fig. 2.

large triangles), but separation between electrode radii is
decreased (triplet overlap). In any case, hyperparameter opti-
misation clearly has an effect on the result of the classification.

We now compare the performance of PCA, UMAP and t-SNE
when applied to the CVs, presented as image data. The results are
summarised in Fig. 3. As before, we focus on a specific electrode
radius in column (a), namely r =1 x 10" ¢m, for illustration. For
PCA (top), the corresponding triangle is well-defined, relatively large
and produces the largest P score within this series of electrode radii,
as shown in column (b). Notably, the corresponding triangle is
markedly irregular, with E and EC mechanisms relatively close and
ECE further away, in line with a visual inspection of the actual CVs,
¢f. ESIT Section S4. The P score appears to be larger than for PCA
applied to the raw data, Fig. 2. Furthermore, the separation of point
triplets, based on the S score and optimised hyperparameters,
columns (c)-(d), is not particularly successful with S values close
to 0 throughout, except for r=1 x 107> cm.

For UMAP and t-SNE, the stochasticity of the outcome is
clearly apparent in column (a), centre and bottom, respectively.
Both algorithms produce good separation of the three mechan-
isms for this electrode radius, but the orientation and to some
extent size of the triangle (P score) varies, as noted above.
Across all electrode radii, their performance is however rather
consistent (close to P = 2) and better than for PCA on images.
Following hyperparameter optimisation on triplet separation,
the latter appears to work best for the smallest electrode radius
used here; otherwise the S scores remain close to 0, indicating
some overlap between the triplet clusters, columns (c)-(d).
Under these conditions, UMAP still appears to be better than
t-SNE, with regards to separating the different mechanisms, as
for t-SNE the E and EC mechanisms largely seem close together,
except for r = 1 x 1072 cm (light green triangle in column (c),
corresponding P scores not shown).

Finally, we compare PCA, t-SNE and UMAP applied to the
feature extractor output of VGG-16. The results are shown in
Fig. 4, following the same format as in Fig. 2 and 3. To get an
impression of how the feature extractor “sees” the CV image
data, we refer the reader to Section 54 in the ESI,} which show
examples of how the individual images are represented in the
filter output of the feature extractor (before flattening into a 1D
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Fig. 4 PCA, UMAP, and t-SNE applied to the feature extractor output of
VGG-16. Plots are arranged as described in Fig. 2.

output vector). Bright areas are strongly represented and, by
implication, have a larger effect on the classification result.
These appear to be, by and large, curved regions of the CV or
inflection points, rather than the redox-inactive regions at low
potentials, for example, and suggests that VGG-16 indeed
identifies features that are related to the electrochemical pro-
cess, rather than the overall appearance of the image.
Application of PCA, UMAP and t-SNE to the feature extractor
output leads to qualitatively similar results, compared to using
images directly, both for the separation of individual triplets,
column (a), and across the range of electrode radii, column (b).
Specifically, PCA appears to perform marginally better, UMAP
somewhat worse and t-SNE comparably well and still best com-
paring the three methods. In terms of the S scores, PCA produces
reasonably well separated point triplets, column (c), and, over all
electrode radii, a better separation than when applied to image
data directly, column (d). The S score reaches values close to 1 for
some r-values, even though there does not appear to be an overall
trend. Similarly, for UMAP, triplet separation is satisfactory and §
scores are on average larger than when applied to image data
directly. Finally, t-SNE does not separate the value triplets well
with some overlap remaining and S scores close to 0, for all but
one radius (r = 1 x 10" cm). In other words, t-SNE still
reproduces the neighbourhood relation according to mechanism
better than electrode radius, leading to good separation within a
point triplet, but relatively poor differentiation between them.
Based on these detailed comparisons, the question arises which
methodology and data input format results in the best overall
performance, in terms of the respective optimisation target
(mechanism vs. electrode radius). Hence, we show the average P-
and § scores for dimensionality reduction applied to numerical
input data (blue), images (orange) and feature extractor output
(green), in Fig. 5. See Fig. $10 in the ESL{ for further information.
In terms of the P score, a fairly consistent picture emerges,
namely that all three dimensionality reduction techniques work
equally well on the different input formats. PCA and t-SNE appear
to work slightly better on numerical input data, while UMAP
produced the best result when directly applied to images. Impor-
tantly, however, both UMAP and t-SNE clearly outperform PCA in
this metric and while PCA has the advantage of being

This journal is © The Royal Society of Chemistry 2022
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deterministic, not requiring any hyperparameter optimisation and
being computationally inexpensive, once optimised, both UMAP
and t-SNE feature improved separation performance. Using the
feature extractor output did not offer any advantage in this case,
but it is nevertheless notable that at least comparable results have
been obtained, given that the feature extractor had been trained on
unrelated image data and the electrochemically relevant features
highlighted in the filter outputs (see ESIt).

With regards to the S score, the picture is rather less clear
cut. The best performing methodology here was t-SNE applied
to raw numerical data, followed by PCA on features and UMAP
on numerical data. Thus, feature extraction appeared to have a
significant benefit in this context, even though further analysis
may be required to investigate this effect in more detail.

Finally, we also investigated the effect of small to moderate
amounts of noise on the classification, see Section S6 in the ESL}
Intuitively, one might expect the differentiation of CV shapes to
become more difficult, as there is more likely going to be more
overlap between the CV traces, ¢f Fig. S11 (ESIY). This expectation is
indeed borne out with regards to the separation of the three
mechanisms, ie. the average P score performance, Fig. S12 (left
column) (ESIt), where the overall sequence t-SNE > UMAP > PCA
is maintained, but P values decrease with increasing amounts of
noise (without re-optimising the hyperparameters). For the optimisa-
tion towards highest S scores, Fig. S$12 (right column) (ESIf) the
picture is however more complex. Applied to raw data, the perfor-
mance of UMAP and PCA remains more or less unchanged as the
amount of noise is increased, but interestingly t-SNE does signifi-
cantly worse when even small amounts of noise are added. When
applied to image data, the separation performance slightly increases
with increasing noise levels with t-SNE and UMAP performing
marginally better than PCA in all cases. When applied to features,
t-SNE becomes the best performing method in the presence of noise,
followed by PCA and then UMAP. Identifying the origin of some of
these effects requires further study and will form part of our
future work.

Overall, among the methodologies investigated here and
considering both P- and S score performance, in the absence
of noise the best performing one appears to be t-SNE applied to
raw numerical data. In the presence of noise, t-SNE on features
is preferable, followed by UMAP applied to raw data. PCA shows
satisfactory performance under all the conditions studied and
compared to the other two does not require hyperparameter

This journal is © The Royal Society of Chemistry 2022
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optimisation. It is however outperformed by some of the other
methodologies, highlighting the necessity to carefully consider
the dimensionality reduction technique as well as the data
input format for a given classification task.

TA designed the study and supervised the work. CW performed
the data analysis and co-developed the analysis pipeline. AF pro-
duced the electrochemical simulations. AV performed initial tests of
approach. All authors contributed to the writing the manuscript.
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Supporting Information

1) Simulation of electrochemical data

All input cyclic voltammograms were simulated in DigiSim® v3.0. Temperature, scan rate,
uncompensated resistance and double layer capacitance were kept constant at 298.15 K,
50 mV s, 10 Q, and 20 uF cm respectively, for all reactions. Electrode radii were varied from 10 cm
to 10 ¢cm in increments of one order of magnitude. Kinetic data was based on the electrochemical

oxidation of  aniline to polyaniline and is summarized in Table 1.12

Table 1: Thermodynamic and kinetic parameters for reaction modelling

Variable / Unit Reaction 1 Reaction 2 Reaction 3
Diffusivity / cm? s 9.2x10°® 9.2 x10° 46x10°
Redox Potential / V 1.294 0.654
Electron transfer rate | 3 x 1072 - 10
/cms?

Transfer coefficient 0.65 - 0.50
Initial concentration / | 0.05 0.00 0.00

mol L1

Reaction rate constant | - 1x 10 -

/st

Reaction equilibrium - 250 -
constant / -

Mechanism A+e=B B+A=C C+2e=P
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2) Data image processing

CVs were first plotted on current vs potential axes. The current values for each plot were
normalised such that values were scaled between -1and 1. This made up a 600-dimensional
dataset of data values. Each plot was then converted to an RGB image of size 1080 x 1080 x 3
which were normalised by dividing by the maximum pixel value, 255. These images were then
both flattened into a raw 3499200-dimensional dataset, and put through a feature extractor
followed by flattening into a features 557568-dimensional dataset. The feature extraction
process utilised a topless VGG-16 CNN to compress the raw traces into feature traces.

Once the datasets were constructed they were passed through the three dimensionality
reduction algorithms: PCA, t-SNE, and UMAP. The hyperparameters chosen for each technique
are summarised in Table 2 and Table 3. All parameters not specified were left as their default
values.

This analysis process was implemented in Python v3.8.11. The VGG-16 network, architecture
and weights, were provided by Tensorflow v2.3.0. PCA and t-SNE algorithms were provided by

scikit-learn v0.24.2. Lastly, UMAP was provided by umap-learn v0.5.1.
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3) Hyperparameter Optimisation

3.1) t-SNE Parameters

To find the optimum parameters for both silhouette score and perimeter score for each of the three
datasets, a 2D grid search was performed on the two main t-SNE hyperparameters. These are the
perplexity, and learning rate parameters. Once completed, the search produced a 2D matrix for both
silhouette and perimeter scores on raw data, images data, and features data. The elements of each
matrix were removed if the corresponding KL-divergence was greater than 0.6 then the argmax of
each matrix was calculated to find the best parameters.
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FIGS1  Heatmaps showing the average perimeter score for each combination of learning rate and perplexity. Results are
shown for the raw data dataset (a), images dataset (b), and the features dataset(c).
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FIGS2  Heatmaps showing the average silhouette score for each combination of learning rate and perplexity. Results are
shown for the raw data dataset (a), images dataset (b), and the features dataset(c).
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230



Table 2 Hyperparameters chosen for t-SNE for maximising both perimeter and silhouette scores alongside their KL-

Divergence losses after training.

Data Perplexity Learning Rate KL-Divergence
Perimeter Score 17 771 0.38
Silhouette Score 1 411 0.38
Images Perplexity Learning Rate KL-Divergence
Perimeter Score 17 211 0.38
Silhouette Score 9 21 0.38
Features Perplexity Learning Rate KL-Divergence
Perimeter Score 17 71 0.38
Silhouette Score 1 511 0.38

(NB: Each t-SNE run utilised PCA initialisation provided by scikit-learn and was limited to 5000

iterations).
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3.2) UMAP Parameters

To find the optimum parameters for both silhouette score and perimeter score, a 3D grid search was
performed on the three main UMAP hyperparameters. These are the neighbourhood size
(n_neighbors), minimum distance (min_dist), and learning rate parameters. Once completed, the
search produced a 3D matrix for both silhouette and perimeter scores on raw data, images data, and
features data. During the search, some of the runs produced a warning that the graph produced by
spectral embedding was disconnected. These corresponding runs were removed. Then the argmax of
each matrix was calculated to find the best parameters.
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FIG S4  Three slices of the 3D grid search matrix for perimeter score centred around the maximum score. Slices are shown
for both the raw data dataset (a-c), the images dataset (d-f) and the features dataset(g-i).
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Table 3 Hyperparameters chosen for UMAP for maximising both perimeter and silhouette scores.

Data

No. Neighbours

Min Distance

Learning Rate

Perimeter Score

3

0.8

0.9

Silhouette Score

2

0.8

1.0

Images No. Neighbours Min Distance Learning Rate
Perimeter Score 16 1.0 0.4
Silhouette Score 3 0.5 0.6

Features No. Neighbours Min Distance Learning Rate
Perimeter Score 8 0.7 1.0
Silhouette Score 3 0.8 0.5
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4) CVs and filter outputs
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Raw images of all CVs generated for the 3 mechanisms at 6 different electrode radii. Each image corresponds to a

1080 x 1080 x 3 RGB matrix.
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FIGS7  Example slice of the 33 x 33 x 512 matrices outputted by the convolutional head of the VGG-16 neural network for
each CV.
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Model: “vggle"

Layer (type) Output Shape

input_1 (InputLayer) E(None, 1080, 1080, 3)]
blockl_convl (Conv2D) (None, 1080, 1080, 64)
blockl_conv2 (Conv2D) (None, 1080, 1080, 64)
blockl_pool (MaxPooling2D) (None, 540, 64)

block2_convl (Conv2D) (None, 540, 73856
block2_conv2 (Conv2D) (None, 540, 147584
block2_pool (MaxPooling2D) (None, %]
block3_convl (Conv2D) (None, 295168
block3_conv2 (Conv2D) (None, 590080
block3_conv3 (Conv2D) (None, 590080
block3_pool (MaxPooling2D) (None, o
block4_convl (Conv2D) (None, 1180160
block4_conv2 (Conv2D) (None, 2359808
block4_conv3 (Conv2D) (None, 2359808
block4 pool (MaxPooling2D) (None, 0
block5_convl (Conv2D) (None, 2359808
block5_conv2 (Conv2D) (None, 2359808
block5_conv3 (Conv2D) (None, 2359808
block5_pool (MaxPooling2D) (None,

Total params: 14?714,688

Trainable params: 14,714,688
Non-trainable params: @

FIG S8  Architecture of the VGG-16 convolutional head used for generating the features dataset.
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5) Additional Results
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FIGS9  Scatter plots showing one example repeat over all electrode radii for each combination of dataset and
dimensionality reducer when parameters optimised of maximum perimeter score were utilised.
(a) (b) (c)
§ 1.001 / i e - voeee 11.00
5 0,75/ / -0.75
|_|>j O o/. '/
o 0.50 / f 10.50
2 ;
2 0.251 / Ti 10.25
g ( I,
0.00 _Illll.l.l.lllllu-.._ ] L0.00

-Component

Component

Component

FIG S10 Scree plots showing the explained variance for each principal component (blue) and their cumulative quantities
(orange) when applied to the raw data (a), images (b), and features (c) datasets.
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6) The effect of noise on the classification performance

In order to investigate the robustness of the classification in the presence of electric noise that would
typically be observed in a CV experiment, a noise component of constant magnitude was added to
simulated data (independent of potential, normally distributed). Its standard deviation o was taken
relative to the scaled maximum current range from -1 to +1, as described in the main text. The figure
below shows the corresponding image representation (1000 by 1000 pixels) for the three mechanisms
and six electrode radii, for s = 2.5%.

Electrode Radius /cm
le-04 le-03 le-02 le-01

le-05

le-06

FIG S11 Simulated CV data in the presence of electric noise of constant magnitude, o= 2.5%. Another set was generated
for o=1.25% (not shown).

Generally, the presence of noise would be expected to increase overlap between similar CVs and
hence render the differentiation more difficult (either between different mechanisms or electrode
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radii). Indeed, for the perimeter score P (using accordingly optimised hyperparameters), this simple
expectation appears to hold true, left column in fig. S12 below: the sequence of overall performance
remains the same (t-SNE > UMAP > PCA), even though the numerical values seem to decrease with
an increasing amount of noise present.

As for the noise-free data, the picture is however more complex for the S score, i.e. when the choice
of hyperparameters is adapted. For PCA applied to the raw numerical data, the performance
remains rather constant, application to images leads to the poorest performance of the three, while
the performance when applied to features decreases somewhat, albeit not dramatically.
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FIG S12 Comparison of the overall classification results for PCA, UMAP and t-SNE in the presence of small to moderate
amounts of electric noise, based on average P- and S scores, applied to: numerical data (blue), image data (orange); and
feature extractor output (green).

For UMAP, we observe a similar picture, even at the highest noise level, its performance when
applied to features drops significantly. However, the most drastic effect is observed for t-SNE.
Initially performing strongest when applied to numerical data, the S-score drops dramatically even
for a relatively small amount of noise. Identifying the reasons for this effect requires further study.
On the other hand, its application to features leads to a rather robust performance and for the
highest noise level, t-SNE on features is best performing, jointly with UMAP on data.

240



References

1 Wei, Y., Sun, Y. & Tang, X. Autoacceleration and kinetics of electrochemical polymerization of aniline. J. Phys.
Chem. 1989, 93, 4878-4881.

2 Mohilner, D. M., Adams, R. N. & Argersinger, W. J. Investigation of the kinetics and mechanism of the anodic
oxidation of aniline in aqueous sulfuric acid solution at a platinum electrode. J. Am. Chem. Soc. 1962, 84,
3618-3622.

241



Appendix 4 Script Code
All data analysis, as mentioned in the main body of this thesis, was developed using the Python
programming language. A repository of the analysis scripts written as part of this work is

located at https://github.com/Chrisdw889/Thesis-Code.
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