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Abstract

Spike sorting is an essential data processing technique in neuroscience that isolates signals from individ-
ual neurons in raw electrode recordings, enabling the study of single neural and population dynamics.
However, the procedure encompasses numerous complex steps, each offering many algorithmic options.
The procedure requires both technical expertise and field knowledge, creating barriers to entry for new
researchers and slowing progress.

This project’s underlying aim is to increase the rate of development in spike sorting, leading to an
increase in productivity in the field of neuroscience. This problem is addressed by developing a set of tools:
a modular and extensible pipeline facilitating a spike sorting procedure’s swift initiation and iteration
and an accessible web-based demonstration acting as a supplementary teaching resource for those new to
the field.

The Python pipeline abstracts each step into interchangeable “blocks” with standardised inputs/out-
puts. This foundation enables researchers to rapidly build custom workflows by swapping modular blocks
and making their own. However, further refinement through abstraction is needed before open-source
release.

The pipeline was adapted into a Flask API integrated with a frontend Next.js application to create an
interactive web demonstration that enables hands-on spike sorting exploration, supporting active learning.
While not yet publicly hosted due to resource limitations, the frontend exhibits promising functionality.
Through comprehensive user testing and subsequent optimisation, this tool has the potential to serve as
a widely accessible and effective educational resource.

In summary, this project developed preliminary modular code and visualisation that display the
potential to enhance accessibility and innovation in spike sorting through collaborative refinement.

The code developed for this project is available on GitHub:
e The Python spike sorting pipeline and Flask API -
https://github.com/SamwelZimmer/DataScienceProjectAPI

e The Next.js frontend application -
https://github.com/SamwelZimmer/DataScienceProjectFrontend
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Supporting Technologies

e The code developed for the spike sorting process was written in Python (version 3.9.6) [79], utilising
various common data science packages, such as NumPy [29], SciPy [83] and scikit-learn [62].

e The interactive web visualisation frontend leveraged Next.JS [82], a React-based framework, de-
ployed serverlessly on Vercel [81]. This codebase relied on TypeScript [46] for static type checking,
alongside Tailwind CSS [38] for styling.

e Both Unlighthouse [91] and the Web Vitals browser extension [2] were used to assess the web
application’s performance.

e The API connecting the pipeline to the web application was constructed using the Flask framework
[27].

e This project’s code was written in the Visual Studio Code [16] editor, with GitHub [25] used for
cloud-based version control for both the Python API [30] and the web application [31].

e The report was written in ITEXusing the Overleaf online editor [60].
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Terminology

Biological:

Action Potential - A brief electrical impulse transmitted along the membrane of a neuron
to communicate information. Also referred to as a “spike”.

Bursting - A spiking pattern where a neuron alternates between periods of rapid spiking
and dormancy. Important for neural coding.

Closed-loop experiment - Recording neural activity in response to real-time stimulation.

Leaky integrate-and-fire model - A simplified computational model of neuron spiking
behaviour. More abstract than detailed Hodgkin-Huxley model.

Local field potential - Low frequency extracellular electrical signals reflecting coordinated
neural activity over a region [11]. Removed from recordings as noise.

Microelectrode array - A device containing multiple electrodes in a grid pattern used to
record extracellular electrical signals from neural tissue.

Neural coding - The encoding of information in the brain through precise spike pat-
terns and timing. Understanding neural coding can reveal how sensory information is
represented.

Tetrode - A bundle of four electrodes used to record neural signals, usually implanted in
the brain for in vivo recordings.

Threshold crossing - A basic spike detection method that uses a threshold value to
determine the occurrence of a spike.

Machine Learning / Data Analysis:

Autoencoder - A type of artificial neural network often used for feature extraction in
spike sorting. Encoder compresses inputs into a latent space and decoder reconstructs
inputs.

Clustering - Grouping spikes based on waveform features to categorise spikes by their
neuron of origin. Algorithms like K-means and GMM are often used.

Convolutional neural network - A deep learning model commonly used for end-to-end
spike sorting.

Feature extraction - Transforming spike waveforms into compact numerical representa-
tions that capture key features. Reduces data dimensionality. PCA is commonly used.

Filtering - Removing noise and artefacts from raw neural recordings by attenuating
frequencies outside a specific band. Common techniques include bandpass, notch, and
median filters.

Overclustering - A common problem in spike sorting where clustering algorithms mis-
takenly split waveforms from a single neuron into multiple clusters.

Spike sorting - The process of distinguishing spikes from different neurons in extracellular
electrical recordings. Involves steps like filtering, feature extraction, and clustering.

Simulation - Generating synthetic neural spikes and recordings in silico to validate spike
sorting algorithms when ground truth labels are unavailable in real data.

Triangulation - Estimating a neuron’s spatial location relative to recording electrodes by
examining spike amplitude differences across channels.
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Web Development / Computer Science:

Accessibility - The practice of designing applications and devices to be usable by the
widest range of users, considering factors such as disabilities and wealth.

Flask - A Python web framework used to build the APT for the spike sorting visualisation
application. Enables request handling and responses [27].

React - A JavaScript library for building user interfaces. Provides components for build-
ing interactive web applications [20)].

Neuromorphic computing - A model of computing where the infrastructure is inspired
by the nervous system.

Next.js - A React-based framework that enables server-side rendering for web applica-
tions. Used to build the spike sorting application [82].

Tailwind CSS - A utility-first CSS framework that provides classes for styling web con-
tent. Used for application styling [38].

User testing - Evaluating an application or interface by observing users completing tasks.
Provides insights into usability issues and user comprehension.

Vercel - A cloud platform optimised for Next.js applications. Provides hosting for the
spike sorting visualisation web application [81].

Web worker - JavaScript running in background without interfering with page, enabling
parallel processing.
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Chapter 1

Introduction

Neuroscience is the study of the brain and the nervous system, representing the only scientific field where
the subject essentially studies itself. Despite our physical and emotional attachment to the brain, very
little is known about it - as stated by physicist Emerson Pugh, “If the human brain were so simple that
we could understand it, we would be so simple that we couldn’t.” [65].

In recent years, understanding the inner workings of the brain has become top of mind, with surging
interest in brain-computer interfaces, prompted by rapidly advancing technologies like Neuralink [55] that
promise restored mobility for paralysis patients and telepathy-like communication. Similarly, refinements
in neuroimaging techniques have also enabled earlier diagnosis of neurological diseases such as Alzheimer’s
[63] while providing surgeons with greater anatomical precision. For this rate of development to persist,
the field demands tools that enable swift iteration and promote a steady inflow of new practitioners and
researchers.

1.1 The Problem

Spike sorting is an essential data processing technique in neuroscience that isolates signals from individual
neurons in raw electrical recordings. This poses challenges since the signals overlap. Spiking occurs
when a neuron activates, and ion flows prompt voltage fluctuations across its membrane to transmit
information. Electrodes capture these changes in potential. Recording methods are classified as either
intracellular, which measures internal membrane voltage, or extracellular, which measures voltage outside
the membrane. Techniques are also classified as in vitro if the subject is isolated tissue or in vivo if within
a living organism.

Recorded data comprises noise-ridden signals with intermittent spikes, known as action potentials
(APs). Spike sorting converts these raw traces into informative numerical representations and clusters
spikes according to their neuronal origin. This enables examining single neuron behaviours and network-
wide brain communication. The procedure entails data collection, pre-processing to remove noise and
extract AP waveform features, and clustering similar spikes. Each step offers numerous techniques span-
ning simple established methods to recent advanced developments.

This project addresses challenges arising from the vastness of algorithmic options for spike sorting. It
aims to facilitate innovation by reducing iteration time and attracting new researchers through accessible
educational tools. There are two main objectives: to create a modular and extensible spike sorting
pipeline and to produce an interactive web-based demonstration for said pipeline.

An open-source, modular, and extensible Python module that abstracts each spike sorting step into in-
terchangeable “blocks” could enable researchers to construct customisable spike sorting pipelines rapidly.
Adhering to defined input and output formats for each block would allow creating or adapting algorithms,
accelerating the iteration and integration of novel techniques. By contributing new methods back to the
shared module, collaborative innovation could substantially accelerate the field.

This module can then be adapted into an API backend, facilitating an interactive web-based visuali-
sation that supplements traditional spike sorting education. Spike sorting is a complex procedure, often
requiring months of literature review for newcomers to grasp state-of-the-art techniques. An interactive
tool can enable users to directly understand how algorithm choice and parameter adjustments impact
results. Additionally, if the techniques and procedures in the Python module expand, this demonstration
can follow suit - not only acting as a learning resource but also as a means of experimentation and testing
for researchers without a technical background, removing a barrier to entry imposed upon the field. This
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web demonstration must be suitable for mobile devices and low-powered commodity hardware so it is
accessible to as many people as possible, no matter their equipment or economic position.

Both objectives are, in essence, the organisation of the surrounding literature into a set of usable tools
with a common aim: increasing the rate of innovation and productivity within academic neuroscience
and laying the foundation for technological innovation, which may lead to a widespread increase in the
quality of life.

1.2 Preconceived Project Complexities

This project will undoubtedly encounter several challenges as it consists of many parts spanning multiple
disciplines, such as algorithm design, full-stack web development and neuroscience. Some of the most
likely challenges to appear are discussed below.

Simulating Neural Signals

Although spike sorting typically utilises real neural recordings, developing and evaluating algorithms relies
on simulated data where ground truth labels are available. Accurately modelling complex dynamics like
noise, attenuation, and spiking in silico requires tradeoffs balancing biological precision and computational
efficiency. Furthermore, artefacts found in real signals may be inherently unpredictable and irreplicable.
However, when creating these algorithms, it is important to use real data to ensure robustness to these
unmodelled features. Some central issues include formulating valid synthetic neuron models and ensuring
seamless integration of natural or synthetic data into the top of the pipeline.

Achieving Modularity

For the Python module to broadly impact spike sorting, it must encapsulate common processes into
interchangeable blocks. This necessitates extensive upfront planning, as retroactive decoupling is long
and tedious. Some techniques may span multiple steps or even bypass them altogether, such as end-
to-end deep learning models [86], resisting simple abstraction. For the pipeline to flow seamlessly, each
block must have a standardised input and output, which could impose limitations. However, following
best software engineering practices for extensibility eases future expansion.

Effective Visualisation

As an educational tool, the web interface must engage users by distilling complex concepts into an intu-
itive interface. Tamara Munzner’s task taxonomy [50], and principles of data visualisations, will guide the
development to ensure success. However, compelling visuals alone may insufficiently retain learner atten-
tion. The central challenge lies in striking a balance where interactivity enhances rather than distracts
from core lessons, as excessive customisable parameters risk cognitive overload and poor performance.
However, insufficient interactivity will not provide enough customisation for useful experimentation. Op-
erating system (OS) native applications, like an app made solely for Apple Macintosh, offer greater
computational control, yet these are considerably less accessible than a web application.

Promoting Accessibility

An accessible tool can mean two things: it is widely available or it accommodates minority audiences, such
as those with physical disabilities. Although different, in the context of this project, better accessibility
means getting these spike sorting tools into the hands of more people. Within this project’s scope, it is
nigh on impossible to create an application usable by the entire population, but specific changes can be
made to maximise the catchment demographic. For example, strong visual contrasts and legible fonts
aid users with visual impairments, while clear, interactive element sizing assists those with limitations in
their fine motor control. Accessibility remains an ongoing imperative for equitable educational tools.

1.3 Report Structure

The remainder of this report is structured as follows. Chapter 2 provides essential background on the
concepts, techniques, and prior literature underpinning the project. This background contextualises the
vast array of spike sorting algorithms; much of the decision-making processes have been offloaded to
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this chapter. Chapter 3 details the execution of the Python spike sorting pipeline, explaining the spe-
cific procedures implemented in each step. Chapter 4 discusses how this pipeline connects to the visual
demonstration, and how each pipeline step is represented in the interactive web-based environment. The
development details of the frontend application are omitted from this report for two primary reasons.
Firstly, the intricacy and technical nature of the process resonates poorly in a concise written format
such as this report. Secondly, the end users only engage with the final product, making the development
process unimportant to their experience. The code for building this application can be found on GitHub
[31]. However, unlike the Python spike sorting pipeline, it has not been optimised for readability, as this
code is simply a means to an end. Chapter 5 provides potential ways this project could be expanded
upon and suggests concepts for future work. Chapter 6 concludes the project by reviewing its outcomes,
achievements and shortcomings.

The aims, objectives and achievements of this project are listed below accordingly.
Aims

e Reduce the time for an experienced, technical user to initiate a spike sorting process and allow them
to incorporate their own methods.

e Increase the ability of neuroscience students to learn about spike sorting through visuals and ex-
perimentation.

e Remove the technical barrier to entry to the spike sorting process.
Objectives

e Create an open-source modular and extensible Python module to accelerate spike sorting pipeline
development.

e Produce a responsive web-based no-code demonstration accessible on common hardware to improve
student learning.

Achievements
e Developed a Python pipeline with modular blocks to enable rapid innovation.

e Designed and built an interactive web-based educational demonstration compatible with smart-
phones and tablets. The demonstration is ready for online hosting, pending necessary funding.
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Chapter 2

Background

This chapter provides the scientific context and technical concepts underpinning this project. First,
a foundational neuroscience background on neural signalling, coding, and the need for spike sorting
establishes motivation. Next, common techniques for simulating neuronal activity in silico are reviewed,
given this project’s simulation-based approach. The chapter ends with an overview of the standard steps,
algorithms, and challenges in the spike sorting pipeline. Together, this section expresses the domain
knowledge required for this project, and the literature presented in this chapter has greatly influenced
many decisions made throughout the project.

2.1 Neuron Overview

Nerve cells, or neurons, are the primary cells of the nervous system, which specialise in transmitting in-
formation throughout the body using intricate mechanisms, enabling subconscious and complex cognitive
processes alike. A human brain contains billions of neurons [6], each communicating through electrical
and chemical signals. This section will use the literature to explore the fundamentals of neuron excitation,
the mechanisms of their communication, and the reasons for processing their data.

2.1.1 Neurons and Neural Signalling

Information is transmitted by electrical signals, or action potentials (APs), within each neuron through
a voltage change across the neuron’s cell membrane. As the generation and propagation of these signals
are metabolically demanding, “brains have evolved efficient ways of developing an energy-efficient neural
code from the molecular level to the circuit level” [95].

Neurons communicate chemically through specialised junctions called synapses. The electrical signal
transforms within the neuron into a chemical signal mediated by neurotransmitters. These neurotrans-
mitters cross the synapse and bind to receptors on the receiving neuron, changing its membrane potential
and initiating an action potential [47]. Unlike electrical synapses, neurons are not physically connected
in chemical synapses, resulting in slower information transfer. However, they offer greater versatility and
can connect a wider variety of neurons [40].

Neural Spiking

Action potentials (APs) only originate from specific parts of the neuron, typically the axon initial segment,
propagating along the axon until it reaches the synaptic terminals (see Appendix Figure B.1).

In neuroimaging, APs are commonly referred to as “spikes” as they are a brief and rapid change to the
membrane potential of a nerve cell, translating to a sharp spike-like feature in a recorded signal. During
a spike, the voltage fluctuation from the resting state to peak depolarisation is typically 100mV due to
the opening and closing of voltage-gated ion channels, allowing ions to flow across the cell membrane [53].

When a neuron experiences sufficient excitation, passing a threshold, its membrane potential begins
to depolarise (see Appendix Figure B.2). At this point, the voltage-gated sodium channels open, allowing
for a sudden influx of sodium ions, resulting in a spike in membrane potential. Following this, the sodium
channels self-inactivate and voltage-gated potassium channels open, allowing potassium ions to exit the
cell, repolarising the membrane. The exact value of these thresholds varies among neurons, and there are
many influencing factors, such as recent neural activity and the presence of modulatory substances [35].
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When measuring the APs of neurons, the spike direction isn’t always positive. Various factors, in-
cluding the recording technique, can account for this variation. Intracellular recordings show action
potentials as rapid depolarisation. This happens because the neuron’s interior becomes relatively more
positive compared to the outside during a spike. Conversely, MEA and other extracellular recording
methods often display spikes as negative deflections. This occurs because the region close to the neuron
becomes relatively more negative as the potential inside the neuron rises. These variations necessitate
slight modifications in the preprocessing pipeline when analysing a neuron’s spiking activity.

2.1.2 Neural Coding

Neurons convey messages through these APs, with distinct spike patterns encoding diverse information.
These patterns represent external stimuli, like sensory inputs, and internal states, like memories. Relevant
patterns linked to particular tasks or stimuli can be discerned by analysing the activity of neuron clusters
in the brain. For instance, a 2017 study by Trautmann et al. opted to study multi-unit threshold crossings
rather than individual sorted neurons. Their findings suggest that by accurately estimating the geometry
of low-dimensional manifolds, one can discern the neural dynamics related to specific tasks [77].

Spiking Behaviour

The firing or spike rate describes the number of spikes a neuron emits within a specific period. This
rate indicates the intensity or magnitude of stimuli, such as light intensity or sound duration. However,
not only does the spike rate matter, but also the precise timing of these spikes. This timing is crucial
for information encoding, underpinning the concept of temporal coding. For example, a 2016 study by
Srivastava et al. found that songbirds rely on precisely timed spike patterns for respiration [73]. Neurons
do not operate in isolation. They belong to expansive networks with interconnected activities stemming
from shared inputs and connections. Examining the correlated spike patterns of these neurons can shed
light on how different brain parts synchronise to process information. For instance, neurons that fire
simultaneously might belong to the same functional network.

Information Encoding

Decoding how neurons encode information is essential for understanding brain activity. This knowledge
is crucial for advancing technologies like brain-computer interfaces and deepening our understanding of
brain functions and disorders. FEncoding models play a central role in predicting brain responses to
sensory stimuli, illuminating how the brain represents sensory information [28].

2.1.3 Motivation for Spike Sorting

Spike sorting is a process used in neuroscience to classify recorded signals emitted from neurons. A
single electrode can detect the signals from multiple neurons, and spike sorting aims to attribute these
signals to individual neurons. Modern recording techniques, particularly those which employ high-density
microelectrode arrays (MEAS), detect the signals from a vast number of neurons among many electrodes,
resulting in a complex mixture of spike waveforms in the recorded data [22]. The sorting procedure
distinguishes genuine neuronal activity from noise and other artefacts by isolating and analysing the
neuron spikes. After segregating the spikes of individual neurons, researchers can study the response of
each neuron to particular stimuli and further understand the neural coding of the brain [67]. Because of
this, spike sorting has become an indispensable preprocessing step in the analysis of neural activity.

2.2 Simulated Neuron Spiking

The simulation of neurons and their spiking behaviour is a prominent tool in neuroscience. By replicating
the patterns of neuronal activity in silico, the mechanisms that govern neural function, from the individual
neuron level to entire neural circuits, are more accessible for study. Offering a controlled environment
where variables can be isolated and manipulated allows for observations that are challenging to obtain
through direct biological experiments.
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2.2.1 Applications of Artificial Neuron Simulation

Simulating neuron spiking extends beyond pure scientific inquiry, and the ability to accurately model and
predict neuronal behaviour becomes highly important in several technological fields.

Simulating neurons aids several technological fields. Electrodes record neural activity for spike sorting
using machine learning, enabled by ground truth labels from synthetic signals [10]. Spiking neural
networks (SNNs) offer alternate computing paradigms, like Sourikopoulos et al.’s energy-efficient artificial
neuron [71]. SNNs also further artificial intelligence, as seen in Mozafari et al.’s SpykeTorch for simulating
deep convolutional SNNs [48]. Self-adaptive models like Yang et al.’s SAM replicate working memory
and learning [94]. And, SNNs can bridge neuroscience and machine learning through biologically realistic
neuron models, as highlighted in Yamazaki et al.’s recent review [93].

2.2.2 Simulation Techniques
The Hodgkin-Huxley Model

The Hodgkin-Huxley (HH) model, introduced in 1952, is a foundational model in the study of neuron
spiking describing the initiation and propagation of APs [32]. It represents the flow of ions (potassium and
sodium) through the voltage-gated channels of the neuronal membrane using simple first-order ordinary
differential equations.

The HH model, grounded in experimental data, describes the ionic mechanisms responsible for neu-
ronal excitability. This model captures diverse neuronal behaviours, including APs and bursting. How-
ever, its depth of detail comes at a cost: the model relies on intricate differential equations, making it
computationally demanding. While the HH model boasts the flexibility to emulate various neuron types
or conditions by adjusting parameters, achieving biological precision necessitates meticulous calibration
of these values [7].

Leaky Integrate-and-Fire Model

The Leaky Integrate-and-Fire (LIF) model is a simplified neuronal model that captures the essential
dynamics of neurons. Instead of using the biophysically detailed HH model, the LIF model represents
the neuron’s behaviour through linear differential equations. This model tracks the neuron’s membrane
potential, accumulates incoming signals, and produces a spike once it hits a threshold. After the spike,
the potential resets.

Contrasted with the HH model, the LIF model offers mathematical simplicity by abstracting many of
the biophysical intricacies inherent in actual neurons. This abstraction, however, may hinder its precision
in emulating specific neuronal behaviours. Yet, this simplified approach brings several advantages. The
LIF model’s computational efficiency facilitates real-time simulations of extensive neuronal networks. Its
inherent flexibility empowers researchers to easily augment the model with features like adaptation ! or
stochasticity 2 without adding considerable complexity. Furthermore, its capacity for broad generalisa-
tion ensures that the LIF model encapsulates the fundamental dynamics of neuronal activity, making
it a versatile model suitable for various neuron types. Although the LIF models effectively capture
spike generation through threshold dynamics, they don’t inherently exhibit complex behaviours, such as
bursting.

Modern Approaches

The neural dynamics of a system are influenced by interacting spiking neurons [18]. A recent 2023 study
by Olenin et al. introduces a new model that can simulate a neural population’s spiking, bursting and
chaotic temporal behaviours [57]. This model was developed to model the neuron—glial interaction and
it is important in understanding the glial cells’ role in neural dynamics.

Compute power is the most significant roadblock when simulating large interconnected neural pop-
ulations. In 2022, Torti et al. leveraged a Multi-GPU System to run a LIF-based simulation to boast
significantly improved processing times - reducing the simulation time of a network with “more than 1.8
million neurons from approximately 54 to 13” hours [76].

IRegarding neurons, adaptation is the common phenomenon of decaying neuronal activities in response to repeated or
prolonged stimulation [8].

2Stochasticity refers to the neuron’s propensity to activate spontaneously without an external stimulus or synaptic
excitation that surpasses the activation threshold [49].
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2.2.3 The Challenges of Neural Simulation

The dynamics of the brain are complex, and much about the gigantic neural network is unknown, making
it nigh on impossible to produce an ideal representation in silico. However, the combination of artificially
simplified conditions and mathematical modelling has allowed particular challenges of the simulation
process to be overcome.

Modelling Neuron Behaviours

Neuronal spiking patterns and rates can vary drastically, making it difficult for a single model to capture
all types of neural behaviour. These diverse spiking patterns encode information in unique ways. For
example, tonic firing generates APs at a relatively constant rate without pauses. In contrast, phasic firing
produces bursts of rapid spikes followed by periods of inactivity, allowing neurons to signal rapid changes
in stimuli [85]. Bursting neurons exhibit alternating patterns of tonic firing and dormancy. Adaptive
neurons decrease their firing rates in response to sustained stimuli, potentially due to changes in membrane
channels. Meanwhile, some neurons are susceptible to network oscillations, firing rhythmically with the
cyclic excitability of the neural network. Enlightening how different spiking modalities encode information
remains an ongoing challenge due to the diversity of neuronal signalling behaviours.

Signal Attenuation and Noise

Tons moving across neuron membranes generate electrical fields due to neuronal activity, and electrodes
record these fields. However, the signal they record is often a noisy and weaker version of the original
signal from the neurons. When simulating these conditions, it is important to account for this suboptimal
spiking behaviour.

Different parts of the brain, like grey matter, white matter, and cerebrospinal fluid, have distinct
conductivities. Therefore, we should model the brain as a heterogeneous volume conductor. We can
describe the behaviour of electrical signals in such a medium using the cable theory 2 for individual
neurons and the volume conductor theory # for bulk tissue.

Signals attenuate with distance from the source neurons as they pass through various tissue types.
Often, the Fourier transform and Green’s functions are utilised to model this attenuation, representing the
signal in the frequency domain, making it more straightforward to describe phase shift. For less complex
models, such as those not representing a frequency change in the attenuated signal, simplifications are
often employed, like modelling the signal strength proportional to the inverse square of the distance
between the neuron and the recording site.

Another challenge when replicating neuronal signal recording is the incorporation of electrode char-
acteristics. The electrode’s type, size and material will all influence the recorded output. For example,
larger electrodes that tend to average over larger tissue volumes report a smoother signal but at the cost
of spatial resolution.

Unfortunately, electrode recordings do not solely register the signals emitted by neurons but also
considerable amounts of noise. The sources of this noise vary based on the specific recording instru-
mentation, but we must model them to produce a realistic simulation. This noise can originate from
electromagnetic interference from other electronic devices and electrodes; other physiological processes
(e.g. muscle activity) and movement artefacts may arise from the subject or electrodes moving during
the recording process. It is not uncommon to see these noise sources replicated crudely using a simple
noise function, such as Gaussian or Brownian, as these methods may fare better as more generalisable
models.

2.3 The Spike Sorting Process

Spike sorting enables the study of individual neuron behaviour and neural network dynamics. By distin-
guishing the spikes generated by different neurons, researchers can analyse the firing patterns of individual
neurons and how they interact with each other. In turn, this can provide valuable insights into the func-
tioning of neural networks and their responses to various stimuli or conditions.

3In the cable theory, a neuron’s axons and dendrites are modelled as cylindrical conducting cables with resistance,
capacitance, and longitudinal currents [33].

4In the volume conductor theory, the brain is treated as a conductive medium where currents from neuronal activity
generate electric fields and potentials according to the properties of the medium [26].
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Manual spike sorting is inadequate as it takes a researcher considerable amounts of time, and the
outcome varies drastically depending on the individual. Wood et al. found wide variability in the number
of neurons and spikes manually detected in real data, with average error rates of 23% false positive and
30% false negative for synthetic data [92]. However, technological developments have made it easier to
record and analyse data from a large number of neurons. For example, high-density MEAs, combined with
real-time spike sorting techniques, offer the possibility to study plasticity in neural networks consisting
of several thousand neurons n vitro [22]. On the other hand, a study by Trautmann et al. investigated
whether spike sorting is even necessary to estimate neural dynamics, finding that the scientific conclusions
are quite similar when using multi-unit threshold crossings ° in place of sorted neurons, suggesting that
accurate estimation of neural population dynamics is achievable without spike sorting [77]. Despite this,
spike sorting remains a staple procedure in most studies involving analysing neuron activity.

2.3.1 Neural Signal Acquisition

In the early 1960s, Hubel and Wiesel conducted groundbreaking experiments studying the visual system’s
development in kittens [90, 37]. To conduct such localised studies, Hubel and Wiesel developed tungsten
microelectrodes, a significant advancement in neuroscience, allowing for a more detailed and precise
understanding of neural activity.

Intracellular recordings like Hubel and Wiesel’s tungsten probe [90] directly measure within neurons,
offering high spatial and temporal precision (see Appendix Figure B.3), but inserting them into the brain
is complex [51]. Intracellular recordings directly measure a neuron’s electrical and biochemical activity.

Extracellular recordings detect external signals, enabling multi-neuron monitoring at the cost of lower
resolution and signal quality. Modern techniques expand capabilities: wide-field calcium imaging captures
large-scale activity [56], Neuropixels enable high-density multi-region recording [39] despite drawbacks
like invasive damage [66]. Many of these extracellular recordings, like the tetrode, are invasive but can
study the brain in vivo.

In vitro microelectrode arrays (MEAs) facilitate controlled neuronal network studies [22]. These are
typically small rectangular arrangements of electrode but there are several alternatives, like Geramifard et
al.’s 3D helical MEA [23]. While techniques differ, extracellular and intracellular signals can be processed
similarly. This project will be using data from three sources: a tetrode, MEA, and simulated neurons.

Factors Affecting Signal Quality

Overlapping spikes are a common problem among many neural recording methods, and they can be
challenging to resolve in the spike sorting process. Techniques with low spatial resolution, such as EEG,
often result in the overlapping of spikes from multiple neuronal sources. Even techniques with many
electrode recording sites suffer from spike overlap and collisions due to the large number of neighbouring
neurons. This issue becomes more pronounced as the number of electrodes increases — tetrodes with their
four channels see less overlap than MEAs, which in turn see less than Neuropixels with ~1000 recording
sites [74].

Unlike intracellular techniques, extracellular techniques often have low signal-to-noise ratios (SNRs).
The SNR is a more apparent issue when using non-invasive methods, where the low spatial resolution
increases the prominence of background network spikes, noise, and artefacts that can obscure neurons of
interest.

The high temporal resolution and channel counts of modern tools like Neuropixels and MEAs, which
can record gigabytes of data per second across their hundreds to thousands of channels, also require
substantial computing power and data storage. This data must be stored and processed, often requiring
simultaneous analysis of multiple signals, straining computational resources.

2.3.2 Neural Signal Preprocessing

After collecting the raw signal data, the next step is cleaning and formatting to become usable in down-
stream tasks. Usually, this step consists of several procedures, sequentially converting the uninformative
raw data into a vector representation of neural spikes.

5A method in neuroscience for detecting collective neural activity, counting ‘spikes’ in electrical signals indicating a
neuron’s action potential crossing a set threshold.
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Filtering

Filtering aims to remove noise and interference to help isolate the spike frequency bands in each signal. A
raw electrode recording often hosts high-frequency and low-frequency noise caused by local field potential
(LFP), although many software tools remove this during recording. Appendix Figure B.4 illustrates how
a noisy, uninsightful raw signal from a tetrode can become useful with well-defined spikes after filtering.

The electrical wires delivering power to the electrodes may interfere with the recording at specific
frequencies (e.g., 50 or 60 Hz), contaminating the signal. Fortunately, these frequencies are known prior
to analysis and are removable using notch filters.

Bandpass filters allow signals within a specific frequency range to pass through while attenuating
frequencies outside this range. Bandpass filters are well suited for emphasising the neural spikes in a
recording as they usually occur within a specific frequency band [52]. The ideal frequency cut-off values
for this band depend on the features of the electrode and the neuron itself.

A median filter is a non-linear type of filter which replaces each sample with the median of its
neighbours. By using these filters, one can remove short-duration noise spikes without distorting the
underlying signal significantly.

Python, and many other programming languages, allow for easy implementation of these filters using
packages such as SciPy [83].

Spike Identification and Waveform Extraction

Once the signal has been filtered to accentuate the recording’s important features, one can extract the
APs. First, these spikes must be detected. If the signal recordings took place along many channels
simultaneously, using tools such as a tetrode or MEA, this AP identification subprocess should also be
done simultaneously. The most common method for spike identification is setting a voltage threshold value
and only detecting the spikes that exceed this value. This choice of threshold is of critical importance, as
poor differentiation between useful information and noise will result in inaccurate extraction. A common
method of choosing this threshold constant is to take a multiple (usually between 3 and 5) of the signal’s
deviation. Due to its robustness to fluctuations, the mean absolute deviation (MAD) is often used over the
standard deviation when calculating the threshold value [75]; see Appendix Equation A.2. However, such
methods do not account for overlapping signals which occur when two spikes occur almost simultaneously.
These compounded spikes are often recognised as a single instance, leading to the distortion of waveforms
and an increased likelihood of misclassification [22].

Overcoming a low SNR is a great difficulty in the spike identification subprocess. To address this issue,
Kim and Kim employed nonlinear energy operators and neural network classifiers rather than voltage
threshold methods, finding that these advanced methods achieved a correct classification ratio higher
than 90%, even when the signal-to-noise ratio is as low as 1.2 [41].

After spike detection, it is often helpful to extract and plot them. This extraction is trivial once
the waveform peaks have been located, usually taking a fixed period preceding and trailing this point.
Visualisation of these waveforms can be useful for ensuring the identification and extraction processes’
quality and distinguishing between spikes from different neurons or sources, as shown in Appendix Figure
B.5a. The waveforms’ shape can provide insight into the type of neurons recorded and their synaptic
connections [3].

After extraction, spike trains, a sequence of timestamps indicating when each spike occurred, are
formed. Such a representation allows further study into the neuron(s), analysing its firing rate, the
temporal dynamics of neural activity and the neuron’s response to various stimuli [24].

Feature Extraction

The primary goal of feature extraction is to transform the extracted spike data into a compact, usually
vectorised, representation which can then be clustered or classified in later tasks. Dimensionality reduc-
tion aims to isolate the distinguishing features of the spikes. Such a process also decreases the data’s
size, reducing the computational complexity for subsequent analyses [92].

The simplest and most rudimentary method of feature extraction is the characterisation of spikes
from their peak metrics, for example, the amplitude and width of the spike’s waveform. This method is
swift and computationally inexpensive but does not effectively capture all of a spike’s information.

There are many dimensionality reduction techniques available, such as Generative Topographic Map-
ping (GTM) and Uniform Manifold Approximation and Projection (UMAP), yet the most commonly
used in the spike sorting process is Principle Component Analysis (PCA). PCA transforms the original
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data into a new coordinate system where the variance of the data is maximised along the principal com-
ponents. In spike sorting, PCA captures the waveforms’ most significant features. The dominance of
PCA over more advanced methods like GTM or UMAP in spike sorting is due to several factors. Firstly,
data reduced using PCA is considerably more interpretable than the output of other methods.

Furthermore, the nonlinearity of techniques like UMAP is often misplaced when linear means can
effectively model the primary variability of clean spike data, resulting in an unnecessary increase in
computation. There is also something to be said about the novelty of other techniques. The spike sorting
community has a long history with PCA; it is reasonably robust [75], with many established methods
and pipelines built around it. Transitioning to new, less-proven methods requires rigorous validation and
testing.

In recent years, it has become more popular to extract features from neural data using deep-learning
methods. The convolution neural network (CNN) is particularly effective in the dimensional reduction of
neural data, capturing the spatial-temporal patterns of spike trains.

Autoencoders are an artificial neural network consisting of two primary parts: the encoder, which
maps the input into a latent representation, and the decoder, which reconstructs the input from latent
space. A recent study by Ardelean et al. proposed a spike-sorting feature extraction method leveraging
autoencoders, achieving higher performance than other state-of-the-art spike sorting techniques [5].

2.3.3 Neural Signal Clustering

The ultimate goal of spike sorting is to categorise the recorded spikes based on their neuron of origin.
This categorisation is usually done by clustering the data output from the feature extraction process.

Clustering Techniques

In the past, it was relatively common to cluster spikes by hand, which is highly inefficient and inaccurate.
Grouping APs this way would require the waveforms to be reduced to only 2 or 3 dimensions so humans can
visualise and manually identify points. This incredibly low dimensionality meant much of the important
characteristic information of the waveform would be lost. Although human-machine hybrid clustering is
still used today, leveraging machine learning is more common.

K-means is a widely used unsupervised machine learning method that aims to group similar spikes
into non-overlapping clusters, assuming spikes originating from a particular neuron will have a similar
waveform. This clustering technique has been used in combination with several feature extraction meth-
ods. For example, Chah et al. experimented with K-means combined with a feature extraction technique
based on Laplacian eigenmaps. They found that the proposed algorithm yielded “significantly improved
performance” over a procedure combining K-means with PCA, achieving a mean sorting accuracy of 73%
as opposed to PCA’s 58% [14].

K-means is simple, efficient and fast, yet it is far from perfect in the context of spike sorting. Fun-
damentally, the algorithm assumes clusters to be spherical and of equal size, which is often not the case.
Like K-means, Gaussian Mixture Models (GMM) approximates the distribution of spike waveforms as a
combination of k& Gaussian distributions. However, unlike K-means, the cluster size is not fixed.

Common Problems with Clustering

Both the K-means and GMM models face a non-trivial challenge: determining the optimal number of
clusters (k). One solution to this problem is the Bayesian Information Criterion (BIC). In essence, the
BIC quantifies the trade-off between model complexity, which penalises the number of parameters, and
the log-likelihood of the data given the model. By minimising this criterion (see Equation A.3), we can
determine a proposed optimal value of k, although, in practice, this is often not the most appropriate
value.

Although such an event is easily recognisable by eye, clustering algorithms tend to get stuck on local
minima. There are several ways to try and prevent this, such as the split and merge approach [78, 97],
yet they come at the cost of computation time.

When analysing real data, there are often outlying waveforms, resulting in a distribution with heavy
tails. As the components in the GMM are normally distributed in nature, the clusters are unable to
fit such distribution. When considering the Mahalanobis distance, it is apparent that replacing the
Gaussians with t-distributions fit the data considerably better, as seen in Appendix Figure B.6.

Another issue, which is more apparent when using an invasive recording technique, is waveform drift
caused by the gradual shifting of the electrode throughout the recording process. This can misalign
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waveforms resulting in a sharp reduction in clustering accuracy. The Kalman filter mixture model is an
adaptation of the GMM, which can account for these drifts in waveform by adopting a time component
in the underlying algorithm [12].

In 2017, Shan et al. proposed a nonstationary generative model for spike sorting that can track
waveform drift whilst being robust to outliers [68], aptly named the “Drifting Mixture of t-Distributions”.

Automatic Spike Sorting

Spike sorting is an involved process with several complex steps, and in recent years, researchers have
begun experimenting with automatic spike sorting algorithms, bypassing several of these intermediate
stages. In 2018, Diggelmann et al. developed an automatic spike-sorting algorithm capable of dealing
with large volumes of data from high-density MEAs [17]. They found that by sorting local groups of
electrodes independently, this algorithm could circumvent the “curse of dimensionality” - which arises
from dealing with the high dimensional data of an MEA recording.

These end-to-end spike sorters often take a deep-learning “black box” approach, where the model’s
inner workings are unknown. In 2020, Li et al. proposed a one-dimensional CNN capable of achieving a
clustering accuracy of 99%, outperforming state-of-the-art methods like “WMsorting” [36] and multilayer
perceptron (MLP) models on simulated data [44]. A recent 2023 study by Wang et al. built up this idea,
using a CNN in combination with a Long-Short Term Memory (LSTM) model to sort and classify neural
spikes [86]. This model also achieved a clustering accuracy of over 99% on simulated whilst reaching 95%
on real data.

Evaluation of Clustering Performance

We need methods to assess their performance to determine the effectiveness of spike sorting systems.
Acquiring ground truth labels for real neural spiking data is inherently difficult due to the unknown
nature of the task. For this reason, the quality of an algorithm is often quantitatively assessed on simulated
spike data where the true labels are available. However, when this is not the case, visual inspection of the
feature spaces and the resulting clusters can provide qualitative insights into an algorithm’s performance.
Although subjective and highly dependent on the observer, well-separated and compact clusters in the
feature space are usually apparent to an untrained eye - especially when projected in two dimensions.
Accuracy is one of the primary performance metrics used to assess a clustering algorithm, measuring
the proportion of correctly identified spikes to the total spikes. A confusion matrix often complements
this metric, showing the classifier’s true positives, false positives, true negatives, and false negatives [80].
Validation indices are statistical measures for classification algorithms, where high-quality clusters
consist of spikes originating from the same neuron (high intra-cluster similarity) and spikes from different
neurons are well separated (low inter-cluster similarity) [80].
Consistency is also a vital characteristic of a spike sorting algorithm. A process which returns varying
outputs on otherwise identical data is inconsistent and may indicate sensitivity to initial conditions or
the presence of local optima.

In summary, this chapter has reviewed essential neuroscience and spike sorting fundamentals, including
neuronal communication methods, applications of neural simulation, and standard procedures for process-
ing spike data. This background provides important domain knowledge to contextualise the significance
of this project and we can turn our attention to the practical side of the project.
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Chapter 3

Constructing the Spike Sorting
Pipeline

This chapter presents the methodological and practical approaches to constructing a modular, extensible,
and flexible spike sorting pipeline, offering insights into the methods, designs, and limitations fundamental
to the project’s primary objectives. First, the project design, data acquisition, and planned performance
analyses are described to provide context. Next, the implementation of each pipeline step, simulation,
preprocessing, clustering, and triangulation are explained in detail. Each step has at least one imple-
mented technique, which is sufficient to build an end-to-end spike sorting module. Particular methods,
algorithms, tools, and design choices are made with the guidance of the literature discussed in Chapter 2
whilst adhering to the project’s aims and constraints. Code structure and accessibility practices are also
highlighted.

3.1 Project Design

This project has two primary objectives, both aiming to make the spike sorting process more accessible.
The first objective is to develop a modular and adaptable spike sorting pipeline in Python, the most
popular programming language according to IEEE [13]. This pipeline will provide a framework of in-
terchangeable components or “blocks” representing different techniques for each stage of spike sorting,
such as various filtering methods and dimensionality reduction models. The modularity will allow rapid
iteration and comparison of spike sorting approaches. The second objective leverages this pipeline to
create an interactive visualisation that enables users to experiment with different spike sorting blocks
and immediately view the results. Inspired by the rising popularity of no-code tools (e.g., Webflow [88]
and Zapier [96]), this interface aims to enable those without specialised technical skills to experiment
with different spike sorting techniques, serving as an educational demonstration of spike sorting princi-
ples. Together, these objectives work to make spike sorting a more transparent, iterative, and accessible
process. However, we need neural spike data to design and test this framework.

3.1.1 Data Acquisition

It is important to use both real and simulated neural recordings when developing a spike sorting pipeline
to ensure it is robust to diverse inputs. This project utilises MEA and tetrode data as they are both
multichannel recordings, yet one is in vitro and extracellular, whilst the other is in vivo and intracellular.

The MEA data originated from a regular ten by six grid of electrodes, positioned on a slice of a
rat brain in vitro, with each electrode recording simultaneously at 25kHz. The recordings taken by the
MEA are over an hour in duration and comprising of three distinct stages. The first stage consists of
spontaneous neural activity, where the tissue is unmodified. During the second stage, Gastrin Releasing
Peptide (GRP) is applied to the tissue at a concentration of 200nM, generally increasing the cell spiking
rates. And the final stage involves the application of tetrodotoxin (TTX), abolishing almost all neural
activity. As illustrated in Figure 3.1, these three stages provide a comprehensive view of the rat’s neural
activity at varying excitation levels.

Unlike the MEA data, the tetrode data (sourced from Berens et al. [9]) contains a single stage
of unadulterated neural spikes. While real data provides critical robustness, simulated data enables
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Electode Signal From a Single MEA Channel at Varying Levels of Neuron Activity
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Figure 3.1: Electrode signal from an electrode in an MEA recording a slice of rat brain in vitro: during
an unhindered state (upper), under chemical stimulation via Gastrin Releasing Peptide (GRP) (middle),
and following neural activity reduction due to the application of tetrodotoxin (TTX) (lower).

quantitative pipeline evaluation by providing ground truth labels. Together, these diverse real and
simulated datasets allow comprehensive testing of the spike sorting pipeline.

3.1.2 Performance Analysis

The focus of this project is not on the quality of the algorithms implemented into the blocks forming
the pipeline but to provide an infrastructure so users can test their own configurations and algorithms.
Implemented methods allow users to assess pipeline quality through end-to-end clustering metrics and
triangulation errors on synthetic data.

Assessing the Python module’s effectiveness should be based on modularity and extensibility. Modu-
larity refers to the degree that pipeline blocks are self-contained and interchangeable. Extensibility refers
to the ease of creating new customisable blocks. If the module facilitates swapping and adding techniques,
it achieves its core aim of accessibility. While comprehensively evaluating these qualitative measures is
non-trivial, it is essential for determining the pipeline’s success as a flexible framework.

3.1.3 Limitations in the Project Design

This project has limitations stemming from its design and circumstances. The highly subjective goals
make success challenging to judge quantitatively. While user surveys could aid assessment, time con-
straints preclude thorough evaluation. The tight schedule also necessitated focusing on computationally
efficient, well-established algorithms rather than newer deep-learning approaches, limiting current op-
tions. However, the pipeline’s modularity enables future expansion. Additionally, it is not feasible to
conduct thorough unit testing, and despite it operating on a virtual environment set up using a list of
Python module requirements, it is not certain that this pipeline will operate on all systems as intended.

3.1.4 Module Structure

The Python pipeline employs object-oriented programming (OOP) to enable modularity between blocks.
Each process is a parent class that child classes inherit from, with standardised inputs and outputs.
Type hints, docstrings, and comments explain the code’s purpose and use. Adhering to best practices
also improves accessibility and extensibility - version control via GitHub, virtual environments, and
requirements.txt allow smooth forking and expansion. While designed for iterating on simulated data,
real recordings can still be used by bypassing layout and simulation stages. Together, these coding
principles empower users to understand, adapt, and enhance the pipeline for their research needs. The
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focus on modularity, documentation, and extensibility aims to make the pipeline a flexible framework for
spike sorting exploration.

3.2 Simulation

The first step in any spike sorting process is the collection of neural signal data. This data should be
simulated in a controlled environment if a labelled data set is required. Several components are necessary
to simulate neural signals: the synthetic neurons and electrodes themselves, their relative placements,
and the medium, or matrix, connecting them.

3.2.1 Synthetic Neuron Modelling

The neuron block is designed so that each unique neuron type inherits the necessary methods from the
parent class. So, long as the structure of the output is consistent, these methods can be tailored to
specific neuron types.

The Leaky Integrate-and-Fire (LIF) model templates the neuron’s spiking behaviour. The LIF model
was chosen over the Hodgkin-Huxley (HH) model because it is less computationally expensive. This
increase in computation speed is necessary when simulating a large array of neurons, especially when
considering the visual demonstration (see Chapter 4) where users are likely to become disengaged or
disinterested during long loading times.

The conditions under which a neuron will spike are modelled using the Poisson distribution,

Aee=A
P(X:k):T,

(3.1)
where k is the number of times a spike occurs in a given interval and A is a measure of the neuron’s
spike rate. When this probability, P(X = k), is greater than a random threshold (between 0 and 1), the
neuron will spike. The refractory period (t,.s) between spikes is a tunable neuron parameter.

The characteristic differential equation of the LIF neuron is represented by,

—(v(t) —v)+R- 1

V()= -

(3.2)
where v(t) is the membrane potential (mV), v, is the resting potential (mV’), R is the resistance of the
membrane (), I is the initial current through the cell (A) and 7 is the time it takes for a neuron to
spike (ms). In models more advanced than the LIF used in this project, the membrane potential v(t) is
influenced by the potentials from neighbouring neurons.

The values of R, Iy and 7 were tuned to produce realistic spiking activity. These values are kept
constant (R = 10*Q, Iy = 0.014 and 7 = 0.02ms ) within the blocks as a user’s access to these would
likely only lead to frustration and reduce the focus on the more important variables.Since these values
typically represent constants of the recorded system, namely the brain and its cells, they are generally
invariable. However, technical users can edit the source code to modify these values.

Solving this differential can be done relatively simply in code, and two different neuron blocks using
different methods have been created. One uses the Runge-Kutta ODE solver from the SciPy [83] package.
The other uses a custom implementation of the Euler method. The prior method is more reliable due to
several under-the-hood optimisations.

The code used to simulate the excitation of these neuron types is very similar, both following the
general process described in Algorithm 3.1.

3.2.2 The Connecting Medium

The signals generated by neurons propagate through the surrounding matrix, which envelops the simu-
lated neurons and electrodes. The material properties of this medium significantly influence the distortion
of the signals as they travel from their point of emission to the point of recording. In this simulated envi-
ronment, the medium is also a source of ambient noise in the recorded signals. However, it is important to
note that in real-world scenarios, such noise arises from various factors, including the activity of distant
neurons and the electrical interference produced by the electrodes.
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Data: resting potential, refractory time, time step
Result: array of membrane potentials over time
Initialise the neuron:
SET membrane potential to resting potential
SET time to 0
SET refractory counter based on refractory time
while not reached end of the simulation do
DETERMINE if spike is probable based on random threshold and Poisson distribution
if no spike is probable then
‘ SET potentials for a random duration (based on refractory interval) to resting potential
else
SOLVE the ODE to estimate potential up to the spike point
ADD spike and post-spike events to the potential values
SET potentials during refractory period to resting potential
end
UPDATE time by a time step
end
return array of membrane potentials over time
Algorithm 3.1: A pseudocode algorithm for the simulation of a neuron signal using the LIF model.

Signal Attenuation

As a signal propagates through space, the amplitude of the signal received by a sensor is typically lower
than the amplitude at the signal’s source - this phenomenon, known as attenuation, results from a loss
of signal strength during transmission. The rate of attenuation is influenced by various factors, with
the distance between the transmitter and receiver being one of the most significant. Additionally, the
medium through which the signal travels also plays a role in the attenuation rate.

There are many ways to reasonably simplify and model the medium of the brain and its properties
relevant to signal propagation. As discussed in Section 2.2.3, the brain is characterisable as a hetero-
geneous conductor composed of grey matter, white matter, and cerebrospinal fluid. The propagation of
neural signals within this complex environment can be represented using approaches such as cable theory
for individual neurons [33] or volume conductor theory for bulk tissue [26].

The spike sorting pipeline presented here does not allow for the differentiation of various types of
neural matter. Due to the complexity this would introduce and the limited development time available
for this project, more intricate models were not deemed necessary. As such, this pipeline represents the
simulated surrounding matter as a homogeneous medium. The attenuation of signals in this model is
conceptualised similarly to how the intensity of electromagnetic waves or sound diminishes with distance,
following the inverse square law (see Appendix Equation A.4). In the context of the homogeneous medium
through which neural signals propagate, the attenuation equation can be expressed as:

UQ(t):Ul(t)ga (3.3)

where v (t) represents the signal emitted by a neuron, vy (t) denotes the signal recorded by the electrode,
k is a parameter representing the transmissibility of the medium and x represents the distance between
the transmitter and receiver.

However, this model is somewhat simplistic and has two significant limitations. First, it does not con-
sider the temporal delay associated with signal transmission from a more distant neuron to the electrode.
Such a delay could be modelled by incorporating a penalty term related to the medium’s conductivity.
Consequently, spikes originating from the same neuron could appear slightly shifted on different elec-
trodes. Since this pipeline has undergone testing with actual data, the spike identification algorithm
described in Section 3.3.2 accounts for this effect. Secondly, modelling voltage attenuation using the
inverse square law is not entirely accurate, given the properties of electrical conductors. Nonetheless,
this approach serves as a simplification. Future iterations of the pipeline could address these issues by
incorporating more sophisticated solutions.

Modelling the attenuation of the neural signals is a vital step in this spike sorting process as it enables
the triangulation of neurons using the relative amplitudes of signals incident on different electrodes (see
Section 3.5).
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Figure 3.2: Simulated membrane potential of a leaky integrate-and-fire (LIF) neuron, solved using the
Runge-Kutta ODE method (left). The simulation parameters include a firing rate of A = 14, refractory
period ..y = 20ms, resting potential v, = —70mV, and spiking threshold voltage v, = 10mV. The
right plot depicts the potential recorded by a synthetic electrode located two arbitrary units away (z = 2)
from the neuron. The signal attenuation between the neuron and the electrode follows an inverse square
relationship, with the connecting matrix having a transmissibility constant of k = 2. Additionally, the
electrode introduces Gaussian background noise with a standard deviation 0,45 = 4.

Noise

As discussed in Section 2.2.3, the electrodes register noise from multiple sources, including electromag-
netic interference from the recording equipment, signals from distant neurons, and artefacts arising from
muscular movements. These artefacts are unpredictable; hence challenging to model reliably. Electro-
magnetic interference, though present, can be effectively mitigated using methods such as notch filtering
and thus has not been explicitly modelled. Gaussian noise appropriately represents the residual ambient
noise, but other distributions, such as Brownian noise, are also suitable.

The principle of superposition allows for the addition of noise to a signal (see Appendix Equation
A.5). This simple linear summation of the neuron’s signal and the noise allows for the easy substitution
of one noise distribution for another (e.g., from Gaussian to Brownian). The effects of signal attenuation
and ambient noise are combinable into a single equation:

va(t) = v1 (t)g + n(t), (3.4)

where n(t) represents the noise at time t. Figure 3.2 illustrates the impact of the simulated matrix’s
characteristics on neural signal recording. Due to the superposition of noise, the average amplitude of
a neural spike varies, making the process of spike identification (see Section 3.3.2) complex, even after
filtering the raw signal. The maximum amplitudes of the signals emitted by the neuron and recorded by
the electrode are 80.0 mV and 46.9 mV (3 s.f.), respectively.

Simulation Layout

The neurons and electrodes need to have some form of spatial structure. Using a grid-like system, their
positions can be explained in cartesian coordinates, reducing many calculations to simple linear algebra
and geometry. This, however, does not consider the brain’s depth and, therefore, may not fully represent
neural recording techniques such as the Neuropixel probe [39], which captures signals at varying depths.

Cartesian coordinates also make it simpler for users to choose the positions of the neurons and
electrodes on the grid. In the Python implementation, there are checks to identify invalid component
placements, such as when an electrode and neuron occupy the same position or a component lies outside
the defined grid boundaries. The size of the grid is variable, allowing users to scale the resolution and
vastness of the simulated brain region.

The implemented Python “Grid” class manages the simulation layout, the surrounding matrix’s prop-
erties, the neurons’ simulation, and the electrodes’ recording activity.

3.3 Preprocessing

The signals recorded by the electrodes are noisy, which can obscure the neural spikes. Preprocessing
takes this raw data and converts it into a more usable form. In spike sorting, preprocessing aims to
produce a dimensionally reduced, feature-rich representation of the APs present in the signal. This
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Figure 3.3: A raw electrode recording of two neurons situated at distances of 3.16 a.u. and 5.66 a.u. (3
s.f.) from the electrode. The simulation parameters for the neurons and matrix are as follows: A\ = 14,
tref = 20ms, v, = —70mV, v, = 10mV, k = 2 and opeise = 4 (left). And the same signal when passed
through a Butterworth bandpass filter with lower and upper frequency cut-offs of 500Hz and 4000Hz,
respectively (right).

stage involves several sequential steps: signal filtering, spike identification, waveform extraction, and
dimensionality reduction (or feature extraction). While the existing literature offers various approaches
to each of these steps, as discussed in section 2.3.2, the initial version of this pipeline will focus only on
the most foundational techniques.

3.3.1 Filtering

Generally, filtering is the first step in preprocessing neural signals. It aims to remove noise and artefacts
originating from indistinct background neural signals, electromagnetic interference, and muscle move-
ments.

The Butterworth bandpass filter is helpful for this purpose, as it allows a specified frequency range to
pass through while attenuating frequencies above and below the designated thresholds. This is well-suited
for neural signal processing, as neural spikes typically occur within a specific range of frequencies [52]. The
filter is applied in both forward and backward directions to compensate for phase shifting introduced by
the filtering process. Implementing this two-way combined Butterworth filter is straightforward, thanks
to the SciPy module [83].

When considering digital signals, it is important to consider the Nyquist frequency, equal to half the
signal’s sample rate, representing the highest frequency that can be accurately captured without aliasing
[58].

Figure 3.3 shows the outcome of a raw electrode subjected to a bandpass filter, accentuating the
APs in the signal. Although the raw signal does not contain any low-frequency noise as the LFP is not
simulated, the bandpass filter would account for such features if present (as seen in Figure B.4). Filtering
is often unnecessary when handling synthetic data, as spikes are usually well-defined. In some cases,
filtering may even introduce further complications.

3.3.2 Spike Identification

Once the raw electrode signals have been filtered, making the spikes more prominent, it becomes easier
to identify the locations of these spikes for subsequent extraction.

A common method for spike detection is to set a threshold at a multiple of the signal’s mean absolute
deviation (MAD), categorising any points above this value as spikes (see Equation A.2). MAD is preferred
over standard deviation due to its robustness against signal fluctuations. Although the simulated electrode
recording here has positive-going spikes, spikes in real extracellular recordings (e.g., with tetrodes or
MEAs) would be negative due to the relative potential of the surrounding matter. This polarity difference
can be accounted for by using a negative threshold, thereby enabling the detection of both positive and
negative spikes.

Since a spike is not just represented by a single point above the threshold, it is necessary to locate the
peak of each spike. The process implemented (see Appendix Algorithm A.1) determines these peaks using
the first differential of the signal to identify points where the direction of the signal’s gradient changes.
This algorithm also considers the possibility that some spikes are closely positioned within a signal, such
as the two spikes at approximately 0.8s in Figure 3.3.
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Figure 3.4: A plot of extracted waveforms from an electrode within a simulated multi-electrode array
subject to the signals of two neurons.

3.3.3 Waveform Extraction

With the positions of the spike peaks located, extracting the waveforms is a relatively straightforward
task. A spike waveform is essentially a small window of data before and after the peak, capturing the
AP’s defining characteristics. When simultaneously processing signals from multiple recording electrodes,
if a spike is detected on any of these signals, the corresponding time window is captured on all channels.
For example, if there are two signals (4 and B), and a spike is identified on signal A at time ¢ = ts, then
a window of data is extracted from both A and B and time t;. This data is useful when triangulating
the source neuron position (see Section 3.5). This approach, however, may not be suitable for analysing
data where recording sites are located at significant distances from one another, such as in an MEA. In
such cases, it might be more appropriate to analyse only a local subset of recording channels at any given
time.

In real data, the time it takes for a neuron’s signal to reach the electrode varies depending on factors
like distance. As a result, the identified positions may not correlate with the peak of the spikes across
all channels. To account for this, the spike locations are merged to an average position, and the corre-
sponding extracted waveforms are recentered so that the peak values remain in the same location within
the extracted time window. This realignment is necessary to prevent the feature extraction step from
becoming ineffective.

The extracted waveforms can be displayed with each superimposed on top of one another, as shown
in Figure 3.4, or as a spike train. The layered waveform plot allows the user to visually determine the
differences in the shape of the waveforms, segregating their neurons of origin. Figure 3.4 appears to
show an electrode signal containing spikes from two distinct sources. However, this plot only shows the
waveforms recorded by a single electrode, so this cannot be confirmed.

3.3.4 Feature Extraction

Feature extraction, or in this case, dimensionality reduction, attempts to capture the most significant
characteristics of the waveforms, summarising them in a condensed numerical format that reduces com-
putational load.

The number of dimensions the data is reduced into is a tuneable parameter. A greater dimensionality
leads to a more detailed representation of the waveforms but at the cost of increased computation and
decreased interpretability when visualising the data in a two-dimensional representation.

As discussed in Section 2.3.2, PCA is the most used feature extraction technique in the spike sorting
process due to its high interpretability and ability to capture a large percentage of the waveform data
quickly compared to other techniques. In short, PCA transforms the original data into a coordinate
system where the variance of the data is maximised along the principal components.

Implementing this machine learning technique in Python, and others like it, is straightforward due to
the functions provided by the scikit-learn library [62].

Figure 3.5 depicts the feature extraction of the waveforms shown in Figure 3.4, using both PCA
and UMAP as dimensionality reduction techniques. The values of these waveforms were standardised
before the feature extraction process. Generally, two-dimensional visualisations using PCA are easier to
understand than non-linear methods like UMAP. This is evident in Figure 3.5, where PCA groups similar
waveforms closely compared to UMAP’s less defined representation.
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Figure 3.5: Two-dimensional representations of the waveforms from an electrode signal, reduced using
PCA (left) and UMAP (right), with three components. In the PCA reduction, the first two components
have explained variance ratios of 0.642 and 0.354 (3 s.f.), respectively.

3.4 Clustering

After feature extraction, the electrode signals are ready for clustering, which groups similar waveforms
and identifies their source neurons. A good clustering algorithm takes the extracted, feature-rich repre-
sentations of the waveforms across multiple electrodes and attempts to group them by similarity. The
ideal outcome of such a process is well-defined clusters of waveforms. As discussed in Section 2.3.3, au-
tomatic clustering, using machine learning, is faster and generally more reliable than manual clustering.
If the ground truth labels are available, clustering performance can be assessed using metrics such as
accuracy and F1-score.

In this pipeline, we use GMM clustering, which groups the data into k& clusters based on Gaussian
distributions. The similarity of any two data points is represented by the distance between them in vector
space. Clustering errors may arise from the algorithm itself or inaccuracies in previous spike sorting steps.

More advanced clustering methods are better suited to this specific task, like the “Drifting Mixture
of t-Distributions” [68], as they account for outliers and the drifting nature of APs over time. However,
this model is considerably more complex and beyond this project’s scope.

The number of clusters (k) is a model hyperparameter. The BIC is a measure of model fit that consid-
ers both the goodness of fit and the number of parameters used [84]. Choosing the k value corresponding
to the lowest BIC value is a reasonable heuristic. However, it is prone to overestimation. For example,
the BIC may predicted 3 clusters where the actual value of k is 2 (see Appendix Figure B.7). Figure
3.6 shows over-segregation, with waveforms suggesting two neurons, but the BIC groups them into three
clusters. Note that the algorithm visualises and compares only one electrode signal.

3.5 Triangulation

If the clustering process succeeds in grouping waveforms by their source neurons, we can determine the
position of these neurons relative to the electrodes. This process is more appropriately called trilateration
rather than triangulation, as it relies on distances rather than angles to pinpoint a neuron’s location.

The spikes generated by each predicted neuron must be isolated for each electrode recording and
combined to create an average waveform. This process would yield eight average waveforms if there
were four electrodes and two predicted neurons. This step aims to determine the average signal strength
from the neurons at each electrode. This is not as simple as comparing the membrane potential at the
aggregated peaks, as the resting potential of each signal has also been affected by attenuation. Instead,
the difference in potential between the resting state and the peak for each aggregated waveform serves
as a measure of its signal strength.

When using actual neural signal datasets, the position and original strength of the neurons’ signals
are unknown. Therefore, this information will not be used when replicating the process with simulated
data.
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Figure 3.6: Two-dimensional representation of vectorised waveforms (upper) and waveform plots (lower).
Colours indicate the clusters assigned to each waveform by a GMM clustering algorithm. The left panel
shows clustering with the correct number of clusters, k = ke = 2, while the right panel shows clustering
with the number of clusters estimated by the BIC, k = kp;c = 3.

This triangulation process must be done for each neuron individually. First, determine the three
electrodes with the strongest signals, as they will provide the highest signal-to-noise ratio (SNR). In
Figure 3.7, these electrodes are labelled B, A, and C in order of decreasing signal strength.

Then, use the attenuation rule (in this case, the inverse square law) to determine the relative distance
between the neuron and the electrodes. Ignoring the noise term, Equation 3.4 becomes:

Y24 = Y14 ﬁza (35)
LA
where y; , represents the strength of the signal emitted by the neuron, ys, is the signal strength recorded
by the electrode A, k is a parameter representing the transmissibility of the medium and x 4 is the distance
between electrode A and the neuron. Both x4 and y;, are unknown.
Since the emitted signal strength from the neuron is constant regardless of the electrode (y; = y1, =
Y1), we can use the signal strength ratios to estimate the distance ratios between the neuron and the
electrodes. The equation for the relative distance ratio for electrodes A and B is:

B Y24

A _ |92 (3.6)

A line perpendicular to the one connecting the two electrodes must exist where any point along it
satisfies this ratio. For example, if yo, =4 and y2, = 9 (a.u.), then 24 = 3z . This implies that the line
must be % times further away from electrode A than B, placing it at a distance of %d ap from electrode
A, as seen in Figure 3.7.
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Figure 3.7: An example layout of a four-electrode array and the construction used to locate the position
of a neuron. The average signal strengths of the neuron on each electrode are y2, = 4, y2,, = 9 and

Y2 = 1 (au.).

We then repeat this step between another pair of electrodes, for example, between B and C. If
Y2 = 1 (a.u.), then z¢ = 3zp placing a line at a distance %dBc from electrode C, where dp¢ is the
distance between neurons B and C. The intersection point of the two lines is the estimated position of
the neuron, denoted as (x,,yy) in cartesian coordinates. In Figure 3.7, the neuron is represented by a
red dot at position (x,,y,) = (xp + %dAB, Yp + idgc).

In summary, this chapter has explained the development process behind the preliminary spike sorting
pipeline and demonstrated its capabilities. A modular codebase abstracting techniques into swappable
blocks was constructed to enable rapid workflow iteration. However, further abstraction and testing could
ready the pipeline for open-source publishing. Regardless, this codebase can be converted into an API,
enabling the development of an interactive web-based spike sorting demonstration.
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Chapter 4

Evaluating the Web Application

This chapter evaluates the interactive web-based spike sorting demonstration. First, Section 4.1 outlines
the implementation process, describing how the modular Python pipeline was adapted into an API
that communicates with the frontend. Section 4.2 details the rationale behind key design decisions.
Subsequently, Section 4.3 analytically examines the site sections representing each spike sorting stage,
identifying enhancements to improve the outcome. Finally, Section 4.4 assesses the web application’s
performance. This evaluation aims to critique the demonstration produced in this project and suggest
how it can be refined into an optimal educational and experimental tool.

4.1 Implementation

The Python code implementing each pipeline step was restructured into a Flask [27] application program-
ming interface (API). Flask is a popular framework for building REST APIs due to its simplicity and
thorough documentation. The frontend web application was developed using Next.js [82], a React-based
framework that supports both server-side rendering (SSR) and client-side rendering (CSR). The SSR
feature was not used much due to the interactive nature of the application.

The Next.js frontend was written in TypeScript [46], a strongly typed JavaScript-based language. The
Tailwind CSS framework [38], which provides utility classes to enable the fast development of responsive
designs, was used for styling the site. Vercel, Next.js’s parent organisation, provides a cloud platform
specialised for Next.js applications built atop Amazon Web Services (AWS), meaning it is highly reliable
[4]. This enabled free and efficient deployment of the frontend, though the Flask backend API has not
yet been deployed due to time and resource constraints.

In short, the technology stack used to implement the application was a reasonable choice. Focusing
on type safety, responsiveness, and cloud-based deployment aims to provide better accessibility to users
and simplicity for future developers who may wish to pursue this project further.

4.2 Design Principles

The primary goal of the interactive visualisation is to serve as an educational demonstration for spike
sorting, enabling users to experiment with parameters and techniques. It is important that this visual-
isation is accessible to as many people as possible, increasing the rate of learning in the field and, as a
consequence, progressing it further. To succeed, the demonstration needs to be well-designed. Several
design principles have been put in place to address this.

Emphasising Distinct Steps

The interface reinforces that spike sorting comprises sequential, discrete steps. Users navigate between
stages using buttons and scrolling “snaps” to each step rather than scrolling continuously. The interface
also prevents advancing until the prior stage is completed, conveying the hierarchical nature of the process
(Appendix Figure C.1). This structured presentation aims to methodically guide users through the stages
while preventing confusion regarding the order and purpose of each step.
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Consistency

A consistent visual interface reduces cognitive load, enabling users to focus on relevant content. This
follows the Gestalt principle of “common fate”, where consistent elements are perceived as belonging
together [42, 89]. For example, buttons that generate data share common stylings like borders and
padding, making their purpose identifiable without instruction. In contrast, parameter selection buttons
are identifiable as simple underlined text. When a method is not yet implemented, it is presented
with crossed-out text to manage user expectations. Similarly, the presence of a dashed line indicates a
scrollable element due to the purposeful overflowing of content from the screen, gesturing the user to
explore further. The extent to which these components are consistent is visible in Appendix Figure C.2.

Simplicity in colour reinforces consistency; most elements are black on a white background, resulting
in a luminance contrast exceeding 3:1 [87]. Items of less importance are muted with less contrast to the
background to attract minimal attention [19]. The colours red and blue are reserved for denoting the
positions of neurons and electrodes, respectively.

Each visualisation aligns with Munzner’s task taxonomy, ensuring users extract the intended infor-
mation [50]. The interface consistency aims to direct user attention and streamline information delivery,
although further studies are needed to quantify the benefits for learner comprehension.

Interactivity

Interactivity is the primary method of delivering the desired user experience, allowing users to change
parameters whilst getting instant feedback on their choices. This interactive environment also allows
users to request “details on demand” [69]. For instance, sometimes, users can toggle views to extract
complementary insights from the data (see Append Figure C.3). Although necessary constraints are
imposed in this demonstration, such as the ranges of parameter values, interactivity is important as it
makes the user feel as if they are in control. Further studies could quantify the learning gains enabled
by interactivity versus passive observation in the spike sorting process. Tracking user interactions may
reveal common exploration patterns and inform future design iterations.

Device Compatibility

The responsiveness of a site relates to its ability to change and function when viewed on devices with
different screen sizes, as illustrated by the example website layout in Appendix Figure B.8. Responsiveness
is important in this case, as one of the project’s goals is accessibility, and with ~51% of mobile users
relying solely on phones for internet access [45], catering to this audience is essential. Preliminary testing
on simulated (Google’s Pixel 5) and physical (Apple’s iPhone X) mobile devices confirmed horizontal
responsiveness. However, comprehensive testing across diverse form factors was beyond this project’s
timeframe. Hence, vertical responsiveness for short screens may need improvement to maintain usability.

The performance testing on each device was informal and qualitative. Comprehensively quantifying
a device’s compatibility requires measuring refresh rates, load times, and hardware utilisation. Enabling
equitable access for users on commodity hardware through comprehensive accessibility testing and sub-
sequent optimisation would be an important avenue for future development.

4.3 The Spike Sorting Demonstration

Each step in the spike sorting process is represented in this web demonstration. The development process
is omitted since only the end product matters to users, unlike the Python pipeline, where the code itself
is the final outcome. This chapter presents screenshots of each site section as displayed on a mobile
interface. Appendix C offers visuals of site sections across both larger screens and mobile devices.

4.3.1 Simulation

The simulation interface consists of four stages: neuron/electrode placement, neuron parameter selection,
medium property configuration and signal generation.

Placement Grid

Users position electrodes and neurons on an adjustable grid through touch-based controls (Figure 4.1a).
The user must place at least three electrodes and one neuron to progress - the minimum amount required
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for triangulation. The grid is scalable from 4-by-4 to 12-by-12. The squares of finer meshes are too small
for a user to select with their finger on a small mobile device. This system is functional, but there are
fringe cases that cause errors. For example, placing the three electrodes in a straight line will not cause
an immediate error but will cause issues for downstream tasks. Similarly, placing the neuron outside a
triangle formed by any three electrodes will cause the triangulation algorithm (see Section 3.5) to fail -
although this is a fundamental condition of triangulation. Future improvements should validate electrode
and neuron formation and notify the user if otherwise.

Neuron Parameters

This section of the application allows the user to select neuron types and modify three key parameters:
firing rate, resting voltage, and threshold voltage (Figure 4.1b). Others, like the refractory period, are not
available. This leaves only the essential parameters for users to choose between, reducing the likelihood of
them becoming overwhelmed. Fixing the random seed enables isolated testing of individual parameters,
allowing users to determine the purpose of each.

To cater to a larger audience, it would be helpful to have two modes for this demonstration - one
for those learning about the spike sorting process and the other for those more advanced with more
available parameters allowing for true experimentation. Further iterations should expand neuron models
beyond the LIF version and incorporate various neuron behaviours, like bursting, to better model neural
relationships.

The Connecting Medium

Once the neuron parameters are confirmed, the simulation matrix’s properties can be selected. As
discussed in Section 3.2.2, this includes the type and amount of noise and attention experienced by
the simulated signal. Filtering a signal to remove noise and emphasise the spikes is a preprocessing step,
however, it was included in this demonstration section so the relationship between the noise and filter can
be visualised. It is uncertain if this alteration in the spike sorting process would benefit learning or cause
confusion. Future user testing could determine the productivity of this outcome. This demonstration
section contains numerous variables, leading to a cluttered page. Which, in turn, diminishes clarity and
reduces the size of the visualisation shown at the bottom of Figure 4.1c. This is not an issue when using a
larger monitor, but perhaps, on mobile, this necessitates design changes like hiding settings or multi-page
layouts. A/B testing UI variations could optimise usability.

Generation

This simple section contains a button which initiates the recording simulation. Depending on the size
and the number of components placed on this grid, this can take up to one minute. A loading anima-
tion is presented to the user, giving them visual feedback to confirm the operation. However, a user’s
concentration can drift during this period. Potential solutions include server-side processing, offloading
operations to client web workers, precomputing or code optimisation. The first two solutions require
capital for computational resources; the latter would entail a rewrite of the codebase.

This section acts as the bridge between the simulation’s initialisation and the pipeline’s outcome.
Some text on the screen briefly explains the processes the user has completed and what is to come (see
Appendix Figure C.8). This text also intends to occupy the user while awaiting the APIT’s response.

In summary, the simulation section is functional, responsive and interactive, allowing for the visual testing
of parameters. Enabling such real-time experimentation relies on the spike sorting pipeline’s modularity
with interchangeable algorithmic blocks. However, some blocks, like noise and attenuation, are less
customisable. If this project were to continue past its current scope, further abstraction at the API level
would be beneficial as it could improve extensibility.

4.3.2 Preprocessing

The application handled the filtering step when configuring the connecting medium in Section 4.3.1.
Therefore, preprocessing consists of only two sections: spike and feature extraction. Section 3.3 details
the underlying techniques used in these steps. These stages show users how to parse signals to isolate
APs and how parameters influence these processes.
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Figure 4.1: Screenshots from a mobile device displaying the grid layout (a), neuron parameters (b), and
attenuation, noise, and filtering sections (c).

Electrode Recordings

The simulation concludes by visualising the electrode recordings generated based on configured parame-
ters (see Figure 4.2a). As each recording is one second long, simulated at 25kHz, there can be over 75,000
data points on the screen at any one time, which may result in lag. This step is not strictly necessary,
but it was implemented to enable the user to compare the recordings from each electrode more easily.

Spike Extraction

The section of the site aptly titled “Spike Extraction” lets users toggle between electrode signals to test
threshold multipliers, visualising detected spikes. Although there are other methods of determining the
spike locations, this demonstration applies the thresholding method using the MAD (see Section 3.3.2).
The decision was made to permit only this method to maximise simplicity and reduce confusion, as other
methods would require a more complex UI. However, this comes at the cost of limiting experimentation.

Users can extract and visualise waveforms as overlaid plots or spike trains, toggling between views
using the button shown in Figure 4.2b.

Feature Extraction

Once satisfied with the extracted waveforms, users can vectorise features via dimensionality reduction.
Only the PCA model is available, chosen over UMAP for its prevalence in the existing literature. More
complex deep learning methods, like Autoencoders or CNNs, are unavailable. This is because Python
packages used to implement these methods, such as PyTorch [61] or TensorFlow [1], would be expensive
to host online due to their size and computational requirements. However, given adequate resources,
inclusion of such methods could be valuable future work.

Users choose the number of dimensions for reduction. Since high-dimensional data is hard to visualise,
two components representing the x- and y-axes can be selected. Each electrode produces one plot. The
HTML container is scrollable when multiple exist (see Figure 4.2c¢).
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Figure 4.2: Screenshots from a mobile device displaying the raw electrode recording (a), spike extraction
(b), and feature extraction sections (c).

More interactivity, such as inspecting specific spike features, could improve these sections by providing
further “details on demand” [69]. This feature has not been implemented for two main reasons. First,
the project’s timeframe did not accommodate the development of such an advanced feature. Second,
achieving the desired control over visualisation typically necessitates using a lower-level language tailored
for a specific OS, as in native applications. Given that web applications rely on higher-level languages like
TypeScript and must be compatible across various devices and browsers, such control is unattainable.

4.3.3 Clustering

The clustering section allows users to group the vectorised waveforms by their predicted neuron of origin.
Currently, only Gaussian Mixture Models (GMM) are implemented, but the APT’s modularity enables
adding alternatives like the “Drifting Mixture of t-Distributions” (see Section 2.3.3) [68]. The number of
clusters, k, can be manually set or estimated via the BIC. However, as the BIC is prone to overestimation
(see Section 3.4), future work could improve this heuristic. Figure 4.3a illustrates clustering with k = 2.
The outcome of clustering is depicted with colour, and three different views are available via a toggle:
dimensionality reduced scatter, waveform or spike train plot, each of which can be seen in Appendix
Figure C.4.

The clustering performance metrics, which depend on earlier steps, are not available to the user.
This is because these metrics require an equal number of true labels and predicted labels to calculate
the classification quality, and depending on the prior procedures, this may not be the case. However,
ensuring this condition is always met could be means for future development.

4.3.4 Triangulation

This section of the site is simple. As shown in Figure 4.3b, there are no parameters for the user to choose
from, as there is only a single implemented method, which is discussed in Section 3.5. Comparing the
robustness of alternative methods that predict the neurons’ position would be an interesting direction
for future studies. The electrodes and neurons are coloured blue and red, respectively, keeping consistent
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Figure 4.3: Screenshots from a mobile device displaying the clustering (a), triangulation (b), and simu-
lation player sections (c).

with their placements at the start of the demonstration. The purple marks represent the predicted neuron
position. Users can toggle construction lines used in the underlying algorithm, similar to Figure 3.7.

If there is no noise, and all prior spike sorting steps are completely accurate, the positions of the true
and predicted neurons are identical. That being said, it is straightforward for a user to assess the quality
of the entire spike sorting process from the visual discrepancy between the red and purple marks. The
Euclidean distance between them, shown below the graph in Figure 4.3b, quantifies this difference. This
distance measure is undefined if the predicted neurons does not exist.

It should be noted that the graph displaying the triangulation is an inverted version of the grid at the
start of the demonstration (see Figure 4.1a). This is because nested array indexing for the grid starts at
the top, unlike the origin of the graphs in Figure 4.3b.

4.3.5 Simulation Player

In this section of the application, the user can visualise the simulation. Its purpose is to demonstrate
the spatial and temporal neural population dynamics, providing context to the prior steps. It uses
CSR without API communication, limiting recordings to one second (25 kHz sample rate) to minimise
performance issues on basic hardware. As shown in Figure 4.3c, estimated neuron positions are denoted
by squares that flash red during spikes. The one-dimensional spike train at the bottom of the interface
displays spike timings, grouping the spikes by their predicted source neuron using the colours produced
in the clustering step (see Section 4.3.3).

This rudimentary system hints at future potential for more sophisticated neural behaviour simulation.
Advancing the simulation player could be an entire project in itself, especially with complex spiking
models.

In summary, the web demonstration represents all spike sorting steps, allotting appropriate weight and
logical flow to each section. While simple and requiring refinement to maximise its impact as a tool for
teaching and experimentation, the existing framework provides a starting point for user testing.
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4.4 Performance

The performance of the spike sorting process is no real concern to this project, as its desired outcome is a
set of spike sorting tools; hence, a successful project is one that provides a solid foundation on which these
tools can be extended. There are integrated methods for the users themselves to determine the quality
of their constructed pipeline, such as the distance between the true and predicted neuron positions.

On the other hand, the performance of the frontend application is not within the users’ control, and
even though this project is producing a demonstration, its quality should be assessed to show areas
needing improvement.

Website performance, influencing search engine optimisation (SEO), can be measured with Google’s
Web Vitals [21] using open source tools like Unlighthouse [91]. While SEO is unimportant here, the
underlying metrics reflect user experience. When combined, the Core Web Vitals, consisting of the Largest
Contentful Paint (LCP), the First Input Delay (FID), and the Cumulative Layout Shift (CLS), capture
loading, interactivity, and visual stability. The LCP measures the time to display key content. The FID
quantifies the time elapsed between the initial interaction and the start of processing. CLS tracks visual
shifts as elements load. Poor scores often indicate usability issues, guiding iterative improvements to the
demonstration. Other, more subjective factors, like aesthetics and ease of use, impact user engagement
and educational value. These aspects could be assessed in the future by conducting user studies on the
demonstration.

The application received perfect “Best Practices” and “Accessibility” scores from the Unlighthouse
report by following security guidelines and inclusive design principles. It also boasts a perfect “SEQO”
score with excellent LCP, FID, and CLS metrics at 100ms, 8ms, and 0.06 (1 s.f.), respectively. Appendix
Figure C.15 shows the reports awarding these scores.

However, “Performance” only scored 81% due to a high total blocking time of 790ms stemming from
the large 5,041 KiB network payload. Currently processed client-side, this strains users with limited
bandwidth. Offloading computation to a server and using SSR could alleviate demands on entry-level
hardware. Identifying performance shortcomings highlights opportunities to optimise the learning expe-
rience through technical improvements.

While browser-based testing provides insights into the application’s performance, it doesn’t capture
its functionality across a diverse range of devices. Currently, this comprehensive testing is not feasible
since the API is not hosted online. Future efforts could delve into metrics like device frame rate and
hardware strain while running the application. Such in-depth testing is necessary to truly gauge the
demonstration’s accessibility.

This critical evaluation has reviewed the web-based spike sorting application’s design, demonstrative, and
performance factors. While the interface suitably represents each spike sorting stage, current functionality
remains limited in scope. Achieving the full vision as an educational and experimental tool will require
refinements identified through rigorous user testing. In conclusion, ongoing iterative improvement guided
by such analytical assessment will further enhance these tools, bolstering productivity in spike sorting.
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Chapter 5

Future Work

This project establishes a foundation ripe for extension in several directions. This section proposes
high-potential avenues to build upon the outputs of this project and alternative routes that may yield
interesting and useful results.

Enhancing the Python Pipeline

Hosting the API on a cloud or local server would enable online availability and allow more complex
algorithms by increasing computational capacity. Although simple, this requires capital investment.
Additional improvements include refining component algorithms, incorporating 3D neuron placement
modelling (more accurately representing the brain), and implementing the volume conductor theory to
model signal attenuation (see Section 2.2.3) [26].

The pipeline requires further abstraction and rigorous software testing before open-source distribution.
These enhancements facilitate community involvement in maintaining and expanding functionality.

Optimising the Web Demonstration

While functional, the interface may overwhelm users unfamiliar with spike sorting. Integrating more
scaffolded explanations and contextual parameter details could aid novice learners. Including a greater
number of models and parameters would provide a more comprehensive testing environment. However,
too many options may overstimulate and confuse less advanced users. Two modes could be created:
one for more advanced users, tailored towards experimentation, and the other more suited as a learning
resource. However, the efficacy of these improvements, and many other aspects of the application, can be
determined through extensive user testing (such as A/B testing), further guiding the future development
of this project.

Alternative Approaches

During this project, opportunities arose to follow different avenues within the realm of spike sorting,
which may have led to interesting conclusions.

Processing a live stream of spike data would require reinventing the pipeline for low-latency perfor-
mance. Closed-loop experiments can be used to analyse pre- and post-synaptic neuron activity [22].
Replacing each pipeline step with deep neural networks [44, 86] and comparing their performance with
more conventional techniques is another promising direction.

The triangulation method used in this project is limited to identifying only a few simulated neurons
located in close proximity. It would be advantageous if a similar algorithm could be scaled effectively to
locate the neurons detected by significantly more electrodes across a wider area, perhaps from devices
such as the high-density MEA.

Although touched upon in the demonstration (Section 4.3.5), a playable simulation where users could
move around components and determine their effects on surrounding neurons could provide insight into
the temporal and relational dynamics within neuron populations.

To truly transform this process into a foundational resource, a public vetted vector database like
Pinecone [64] or Chroma [15] would be invaluable. Such a database, storing vast amounts of vectorised
spike data, could significantly accelerate technical advancements in the field, thanks to the availability of
reliable data from diverse sources.
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Chapter 6

Conclusion

The project succeeded in constructing a modular spike sorting pipeline, enabling rapid adaptation of al-
gorithms using interchangeable blocks. Each step incorporates techniques standard in the literature, with
ample flexibility for customisation and expansion. Standardised data structures between blocks empower
seamless integration. This represents a substantial efficiency gain over developing such algorithms from
scratch. Despite these achievements, several loose ends exist due to the limited time allotted for this
project. The code requires further refinement and testing before an open-source public release. Some of
the code is not abstracted to the level where it is ready for expansion, and many of the algorithms require
rigorous testing. However, these goals are obtainable if this project were to be continued.

Some pipeline components were adapted into a Flask API, enabling the development of an interactive
web visualisation using the Next.js framework. This application allows hands-on experimentation with
pipeline parameters and algorithms to support active learning. Although the frontend is available online,
it has not been possible to host the Python API due to capital constraints. Almost any device with
access to the web could run this application due to its responsive layout and capability to run client-side
processes on commodity hardware, meaning it would be a highly accessible resource if it were hosted.
Despite this, it is operational in a development environment (like localhost) and meets the objective
of a no-code demonstration for experimenting and testing various spike sorting pipelines. This web
application could serve as a learning resource for those new to spike sorting, teaching through visuals
and experimentation rather than the written word. With further refinement, the tool could allow non-
technical domain experts to construct customised pipelines through a non-technical interface. Removing
reliance on technical specialists would democratise innovation. Currently, this is not the case, so such an
approach would remove one of the field’s most considerable barriers to entry.

The outcomes of this project have the potential to impact both the scientific community and broader
society positively. Within academia, developing more efficient spike sorting tools could accelerate discov-
eries and innovations in neuroscience. As researchers gain the ability to test techniques and construct
custom pipelines swiftly, the rate of experimentation and hypothesis testing may rapidly increase. This
promises new insights into neuronal encoding and communication, enriching our understanding of neuro-
science. Beyond academia, enhancing spike sorting capabilities can ultimately lead to real-world advance-
ments that improve quality of life. With greater knowledge of neural dynamics, brain-computer interfaces
may be refined, restoring communication or mobility for paralysed individuals. Improved comprehension
of neurological disorders could enable earlier diagnosis of diseases like Alzheimer’s. The project’s focus
on accessibility aims to attract talent from diverse backgrounds, driving further innovation.

The next steps involve preparing the pipeline and web demonstration for public release, which includes
finalising modules for open-source distribution on GitHub and conducting user studies to optimise the
application as an educational tool.

By establishing a flexible spike sorting infrastructure, this project has laid the groundwork for in-
creased productivity in neuroscience. With these foundational resources now in place, collaborative
innovation can flourish, leading to the development of new technologies and therapies that enhance the
quality of human life.
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Appendix A

Supplementary Equations and
Algorithms

trobust () = median(x) (A1)

median(|z — firobust|)  MAD
0.6745 T 0.6745

This equation (A.2) describes how the Mean Absolute Deviation (M AD) is used to form a measure of a
signal’s deviation (Gyobust()), which is more robust to outliers than the standard deviation.

(A.2)

Orobust (x) =

BIC = —21n p(x|topts Topt, Topt) + PIn N (A.3)

In the equation (A.3), x represents the data, fiopt, Topt, and mopy are the optimal parameters for mean,
standard deviation, and mixing coefficients, respectively. P is the number of parameters in the model,
and N is the number of data points. The first term in the equations corresponds to the log likelihood
and the second refers to the penalty of model complexity.

1

Equation (A.4) illustrates the inverse square law, which states that the intensity I of a signal diminishes
proportionally to the reciprocal of the square of the distance = from its source.

[l (t) +22(t)) = f(21(2) + f(22(2)), (A.5)

The equation (A.5) denotes the principle of superposition, stating that the total response to multiple
input signals is equal to the sum of the individual components in a linear system. In this equation, f
represents a linear operator, while x;(¢) and x2(t) are two input signals.
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APPENDIX A. SUPPLEMENTARY EQUATIONS AND ALGORITHMS

Data: y, threshold, minimum_gap
Result: extrema
Compute the differential:
LET dy = differentiate(y)
LET zeros = indices where dy = 0
if length of zeros = length of y — 1 then

‘ return empty array
end
Find the extrema:
FIND extrema where dy shifts from positive to negative, and y values are greater than threshold
if number of extrema > 1 AND minimum_gap > 1 then
SORT extrema by the y values in descending order
INITTALISE a boolean array rem of size y with all elements set to True
SET elements at indices extrema in rem to False
foreach extremum in sorted_extrema do

if remlextremum] is False then
SET slice from (extremum — minimum_gap) to (extremum + minimum_gap + 1)
in rem to True
SET rem[extremum] to False
end

end
UPDATE exztrema to indices where rem is False

end

return exirema
Algorithm A.1: A pseudocode algorithm used to locate the positions of extrema in a signal. Algo-
rithm adapted from the PeakUtils Python module [54].

42



Appendix B

Visual Aids

43



APPENDIX B. VISUAL AIDS
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Figure B.1: Diagram depicting the initiation and propagation of action potentials along a neuron’s axon,
culminating at the synaptic terminals [43].
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Figure B.2: Depiction of membrane potential dynamics as it surpasses the excitation threshold, causing
a neuron spike. Image modified from “How Neurons Communicate: Figure 35.11” by OpenStax College,
Biology [59].

Spatiotemporal limitations of existing neurotechnologies
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Figure B.3: The “spatiotemporal dilemma of various existing neurotechnologies.” Each translucent box
represents a neural recording technique, with its area and position encoding its temporal and spatial
resolution, respectively. Image sourced from Hong and Lieber, 2019 [34]
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Extracellular Tetrode Recording Pre and Post Filtering
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Figure B.4: The raw data from a single channel of a tetrode recording (upper panel) and the same signal
when subject to a Butterworth bandpass filter (lower panel) with upper and lower frequency bounds of
500 Hz and 4000 Hz, respectively. Data sourced from Berens and Ecker, 2021 [9].

The Shape of Waveforms
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Figure B.5: The shape of the waveforms extracted from the first two seconds of a tetrode recording
(upper) and the corresponding spike train (b). The length of each waveform window is 1 second, with

the scale of the x-axis in (a) centred about the point of maximum amplitude. Data sourced from Berens
and Ecker, 2021 [9].
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Figure B.6: The distributions for the predicted and actual Mahalanobis squared distances for Gaussian
(left) and t-distribution models (right). Image sourced from Shoham et al., 2003 [70].

The Bayesian Information
Criterion Against the Number of Clusters
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Figure B.7: The Bayesian Information Criterion (BIC) plotted against the number of clusters, k, for
vectorised waveforms from two neurons.
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Example Website Iltem 1 Iltem 2 Iltem 3 ltem 4

Blog Post Title DD/MMYYYY

by John Smith

Lorem ipsum dolor sit amet, consectetur adipiscing elit. Etiam dictum sodales nunc, vel
fermentum nibh. Phasellus tempus, nulla nec commodo malesuada, velit enim rutrum ligula, non
ullamcorper ligula metus eget nisl. Proin at faucibus tellus, ut fringilla ipsum. Mauris scelerisque,
libero a ultricies elementum, mi ligula fermentum ante, vitae porta justo nunc quis justo. Etiam
mollis, neque sed consequat luctus, justo massa scelerisque tortor, at imperdiet turpis sapien
non eros. Quisque imperdiet lacus vitae lacinia dapibus. Duis sed magna vitae magna aliquam
luctus eleifend eget arcu. Cras mattis lacus sed dolor porttitor, nec interdum augue gravida.
Suspendisse posuere tempus quam non blandit. Fusce tristique porttitor nisi, nec sollicitudin nis!
molestie vitae. Etiam in ipsum sit amet ipsum interdum aliquam at vel sem. Suspendisse vitae
convallis purus.

Quisque rutrum pulvinar venenatis. Lorem ipsum dolor sit amet, consectetur adipiscing elit.
Vestibulum nunc lorem, iaculis a sapien pulvinar, ornare auctor orci. Phasellus fermentum

(a)
Navbar available on
button press

)

Example Website =

Example Website  ltem1 |ltem2Z Iem 3 ltem 4

Altered
aspect ratio

Blog Post Title X
Large, by John Smith

readable text = |

_ » Blog Post Title
Shifted - by John Smith

layout DIMMIYYYY

Lorem ipsum daolor sit amet, consectetur
adipiscing elit. Etiam dictum sadales nunc, vel

fermentum nioh. Phasellus tempus, nulla nec
commodo malesuada, velit enim rutrum ligula,

Figure B.8: A template design of a blog website page displayed on a standard 14.2-inch screen (a) and
on a 6.1-inch mobile screen with both a responsive (b) and an unresponsive (c) layout.
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APPENDIX C. WEB APPLICATION GRAPHICS

< > Pprocessing
Neuron Type and Signal

Neuron Type and
Signal

Place at least 3 Electrodes and 1 Neuron to Continue
Place at least 3 Electrodes
and 1Neuron to Continue

(b)

Figure C.1: An example of a section being restricted until the previous step is complete, on both a large
screen (a) and a small screen (b). The section shown would otherwise allow for the type of neuron, and
its parameters, to be chosen (see Figure C.6).
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Neuron Clustering
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Figure C.2: The style guide for some of the web application’s common components. The figure shows
a section of the site with several superimposed boxes isolating each component (a), the navigation and
header components (b), the dropdown selector when closed and open (c), the range slider (d), the action
button (e) and the dashed line indicating a scrollable component (f).
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E Clustering € > simulation
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Neuron 1 Prediction

®©

Distance: 0.58 a.u.

Clustering < > Simulation
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Neuron 1 Prediction

Distance: 0.58 a.u.

Clustering < > simulation

Triangulation

Triangulate

Show Construction

The contructions lines show the
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neuron's predicted position using the
electrode' relative signal strength.

Key:

@ Electrode

True neuron position

Predicted neuron position

— Electrode triangle
— Distance from first electrode

— Line of equal signal strength

(a)

(b)

()

Figure C.3: Triangulation section of the web application showcasing: (a) the electrode positions alongside
the actual and predicted neuron locations, (b) the construction lines used to determine the predicted
neuron positions upon user request, and (c) information about these construction lines.
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Plot Type: Dimension Reduction
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Plot Type: Spike Trains
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Figure C.4: The available clustering visualisations: (a) a two-dimensional representation of vectorised
waveforms, (b) the extracted waveforms, and (c) a spike train plot for two predicted neurons. The spike
train plot displays recordings from two electrodes; users must scroll to view the third electrode’s data.
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Clear Placements
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Clear
< > Neuror <
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Figure C.5: Comparative view of the web application’s electrode/neuron placement section: (a) on a
large screen with dimensions 1261x828px, and (b) on a compact mobile screen sized 393x851px.

= = < > Pprocessing
Neuron Type and Signal Neuron Type and
Signal
Neuron Type: Leaky Integral Fire (LIF)
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< Pl nt < > <
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Figure C.6: Comparative view of the web application’s section for adjusting the type and parameters
of the neurons: (a) on a large screen with dimensions 1261x828px, and (b) on a compact mobile screen
sized 393x851px.
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Figure C.7: Comparative view of the web application’s section for adjusting the parameters of the
connecting medium and electrode signal filtering: (a) on a large screen with dimensions 1261x828px,
and (b) on a compact mobile screen sized 393x851px.
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Figure C.8: Comparative view of the web application’s section for generating the simulated recordings:
(a) on a large screen with dimensions 1261x828px, and (b) on a compact mobile screen sized 393x851px.

95



APPENDIX C. WEB APPLICATION GRAPHICS
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The signals recorded by each of the
electrodes

Electrode Recordings

The signals recorded by each of the electrodes

Electrode
do o “ ‘ M
o W
.

(b)

(a)
Figure C.9: Comparative view of the web application’s section for viewing the simulated recordings: (a)
on a large screen with dimensions 1261x828px, and (b) on a compact mobile screen sized 393x851px.
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Figure C.10: Comparative view of the web application’s section for extracting the spikes from each
electrode recording: (a) on a large screen with dimensions 1261x828px, and (b) on a compact mobile

screen sized 393x851px.
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Dimensionality Reduction
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Figure C.11: Comparative view of the web application’s section for extracting the features (dimensionality

reduction) of the waveforms: (a) on a large screen with dimensions 1261x828px, and (b) on a compact

mobile screen sized 393x851px.
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Figure C.12: Comparative view of the web application’s section for clustering the vectorised waveforms by
their predicted source neurons: (a) on a large screen with dimensions 1261x828px, and (b) on a compact

mobile screen sized 393x851px.
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Triangulation
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Triangulation
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Figure C.13: Comparative view of the web application’s section for triangulating the position of the
predicted neurons relative to the electrodes: (a) on a large screen with dimensions 1261x828px, and (b)

on a compact mobile screen sized 393x851px.
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Figure C.14: Comparative view of the web application’s section for playing the simulated neuron signal:
(a) on a large screen with dimensions 1261x828px, and (b) on a compact mobile screen sized 393x851px.
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First Contentful Paint Time to Interactive
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Learn more.
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Largest Contentful Paint Cumulative Layout Shift

Learn more viewport. Learn more
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Figure C.15: The performance of the frontend application according to Google’s web vitals with reports
generated from (a) Unlighthouse [91] and (b) the Web Vitals browser extension [2]. Note that INP
(Interaction to Next Paint) is essentially an updated version of FID (First Input Delay) [72].
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