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Abstract

Parkinson’s disease (PD) is a debilitating neurodegenerative disorder whose etiology
is strongly linked to the G2019S mutation of the LRRK2 gene - or Dardarin. Al-
though this causal relationship is well established, the underlying mechanisms are
not fully understood. In this thesis, we use Microelectrode Array (MEA) technology
to analyze in-vitro neural networks, in order to delineate the characteristic neural
activity patterns of carriers of the G2019S mutation of the LRRK2 gene, associated
with PD pathogenesis.

This study utilizes recordings from both G2019S-mutated cortical neural networks
and from healthy control networks in two phases: before (baseline) and after Kainic
Acid stimulation. The chemical stimulation process aims to induce neurotoxic effects,
and by incorporating post-stimulation data into the analysis, to record changes in
neural activity.

The work focuses on the development of a three-phase algorithm capable of re-
ceiving raw MEA recordings and recognizing the population to which they belong,
distinguishing between healthy and mutated activity. Initially, Spike Sorting tech-
niques are used to identify individual neuronal activities. Subsequently, a Point
Process Modeling technique is employed to characterize the parameters of the ISI
curve distribution, through Maximum A Posteriori Estimation. Finally, a classifica-
tion phase is performed, where the model is trained with the parameters obtained
from the modeling, and the data are categorized initially into mutated and con-
trol neurons, and subsequently, in a multi-class problem, both in terms of type of
population and baseline vs. post-stimulation activity.

The results obtained from binary classification demonstrate an excellent accuracy
of 99% (mutated vs. control) using a Support Vector Machine model.

Furthermore, in a more nuanced four-class classification scenario (mutated vs.
control and pre- vs. post-stimulation), a Random Forest classifier achieves an accu-
racy of 77%, showcasing its efficacy in identifying both the genetic mutation and the
stimulation-induced changes in neural activity.

The research sheds light on the complex interplay between the LRRK2 mutation
and neuronal activity dynamics, providing valuable insights into the pathophysio-
logical mechanisms underlying Parkinson’s disease, as confirmed by the obtained
results. Moreover, the computational framework developed in this study offers a
novel approach for studying neurodegenerative disorders at the cellular level, with
implications for future diagnostic and therapeutic strategies.
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Abstract

Il morbo di Parkinson (PD) è un disturbo neurodegenerativo debilitante la cui ezi-
ologia è fortemente legata alla mutazione G2019S del gene LRRK2 (o Dardarina).
Sebbene questa relazione causale sia ben stabilita, i meccanismi sottostanti non sono
del tutto noti. In questa tesi, utilizziamo la tecnologia di Microelectrode Array
(MEA) per analizzare reti neurali in vitro, al fine di delineare i modelli di attività
neurale caratteristica dei portatori della mutazione G2019S del gene LRRK2, asso-
ciata alla patogenesi del morbo.

Questo studio utilizza registrazioni sia da reti neurali corticali portatrici della
mutazione G2019S, che da reti di controllo sane e in due fasi: baseline e dopo una fase
di stimolazione con Acido Kainico. Il processo di stimolazione chimica ha lo scopo
di indurre effetti neurotossici, e incorporando nell’analisi i dati in post-stimolazione,
si vuole osservare i cambiamenti nell’attività neurale.

Il lavoro si concentra sullo sviluppo di un algoritmo a tre fasi, in grado di ricevere
registrazioni MEA grezze e riconoscere la popolazione di appartenenza, distinguendo
tra attività sana e mutata. Inizialmente, vengono utilizzate tecniche di Spike Sorting
per identificare le attività neuronali individuali. Successivamente, viene impiegata
la tecnica di Point Process Modeling per caratterizzare i parametri di distribuzione
della curva ISI (intervalli temporali tra gli spike), tramite la Stima del Massimo
A Posteriori. Infine, viene eseguita una fase di classificazione, in cui il modello
viene addestrato con i parametri ottenuti dalla modellizzazione. Inizialmente, i dati
vengono categorizzati in neuroni mutati e di controllo, e successivamente, in un
problema a multi classe, sia in popolazione di appartenenza, che in attività di baseline
e post-stimolazione.

I risultati ottenuti dalla classificazione binaria dimostrano un’alta accuratezza del
99% (mutato vs. controllo) utilizzando un modello Support Vector Machine.

Inoltre, in uno scenario di classificazione a quattro classi più complesso (mutato
vs. controllo e pre- vs. post-stimolazione), un classificatore Random Forest raggiunge
un’accuratezza del 77%, dimostrando la sua efficacia nell’identificare sia la mutazione
genetica che i cambiamenti nell’attività neurale indotti dalla stimolazione.

La ricerca fornisce una migliore comprensione dell’interazione complessa tra la
mutazione LRRK2 e la dinamica dell’attività neuronale, fornendo preziosi spunti
sui meccanismi fisiopatologici alla base della malattia di Parkinson, riscontrabili nei
risultati ottenuti. Inoltre, il framework computazionale sviluppato in questo studio
offre un approccio innovativo per lo studio dei disturbi neurodegenerativi a livello
cellulare, con implicazioni per future strategie diagnostiche e terapeutiche.
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1 INTRODUCTION

Introduction

Parkinson’s Disease (PD) is a progressive neurodegenerative disorder characterized
by motor dysfunction, including tremors, rigidity, bradykinesia, and postural insta-
bility. While the precise etiology of PD remains incompletely understood, extensive
research has identified genetic factors contributing to its pathogenesis. One such
genetic factor implicated in both familial and sporadic forms of PD is the G2019S
mutation in the leucine-rich repeat kinase 2 (LRRK2) gene. This mutation, oc-
curring within the kinase domain of the LRRK2 protein, is considered one of the
most common genetic causes of PD, particularly in populations of Ashkenazi Jewish
and North African descent [9]. Studies have consistently demonstrated a significant
association between the G2019S mutation and an increased risk of developing PD,
with carriers exhibiting a markedly higher prevalence of the disease compared to
non-carriers [26].

Despite the well-established link between the LRRK2 G2019S mutation and PD
susceptibility, the precise mechanisms by which this genetic alteration contributes
to neurodegeneration remain elusive. One prevailing hypothesis posits that aberrant
LRRK2 kinase activity may disrupt crucial cellular processes, leading to neuronal
dysfunction and eventual degeneration [17]. However, elucidating the precise molecu-
lar pathways perturbed by LRRK2 dysfunction has proven challenging, necessitating
the development of innovative experimental approaches to dissect the pathophysio-
logical consequences of this mutation.

In recent years, advancements in neurotechnology have facilitated the study of
neural activity with unprecedented precision, offering insights into the complex dy-
namics of neuronal networks under both physiological and pathological conditions
[43]. Among these technologies, microelectrode array (MEA) systems have emerged
as a powerful tool for monitoring the electrical activity of neuronal populations in
vitro. By allowing simultaneous recording from multiple electrodes interfaced with
cultured neurons, MEA platforms enable researchers to characterize spatiotemporal
patterns of neural activity with high resolution, with electrodes as small as 100µm
and therefore a high density of electrodes per space unit with configurations from 60
up to 256 channels, offering a glimpse into the functional alterations associated with
neurodegenerative diseases such as PD.

The present thesis uses MEA technology and computational methodologies to
investigate the impact of the LRRK2 G2019S-mutation on neuronal activity and
explore novel strategies for classifying neural responses in mutated versus healthy
neuronal networks. Central to this endeavor is the development of a comprehen-
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1 INTRODUCTION

sive computational pipeline capable of processing raw MEA data, extracting rele-
vant features indicative of neuronal activity, and discerning patterns associated with
the LRRK2 mutation. By integrating advanced signal processing techniques with
machine learning algorithms, we aim to elucidate distinct signatures of neural dys-
function in LRRK2-mutated neuronal networks, providing valuable insights into the
pathophysiological mechanisms underlying PD pathogenesis.
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2 STATE OF THE ART

State of the Art

2.1 Neuron Biology

Neurons, often referred to as the building blocks of the nervous system, are highly spe-
cialized cells responsible for transmitting information through electrical and chemical
signals. Understanding their structure and function is fundamental to deciphering
the intricate workings of the brain. Neurons consist of a cell body, dendrites, and an
axon. The dendrites receive signals, while the axon transmits these signals to other
neurons or effector cells.

Figure 1: Neuron Structure.

Action potentials are regenerative electrical events, usually mediated by voltage-
activated Na+ channels, which are initiated following a depolarization of the mem-
brane potential to a threshold level [42]. The action potential is a chemical and
electrical phenomenon that indicates the activation of a cell. It is initiated when the
voltage of the cell reaches a threshold value, and it starts off a cascade of events that
are called action potential.

Work in the 1960s [31] provided experimental evidence that suggested that action
potential initiation in neurons of the CNS occurs in the unmyelinated region at
beginning of the axon segment and therefore that action potentials are initiated in
the axon and propagated to the dendrites and not vice versa. Action potentials
recorded from different regions of the neuron showed that the spike recorded on the
initial segment of the axon always preceded the dendritic spike.

A group of German scientists in 1994 examined the electrical activity in cerebel-
lar Purkinje cells in rat brain slices and extracted recordings from both the main
body (soma) and the dendrites of the cells [41]. They found that when action po-
tentials were triggered either by electrical stimulation or by natural synaptic input,
they always began at the soma (specifically in the axon) and then traveled into the
dendrites, with a decreasing amplitude, as the distance from the soma increased.
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Figure 2: Action Potential.

Figure 3: Initial Segment of Axon.
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Additionally, experiments with patches of membrane taken from different parts of
the cell showed that the density of sodium channels decreased with distance from the
soma. This reduction results in a decrease in the amplitude of the sodium current,
namely the flow of sodium ions during the initiation and propagation of an action
potential.

Lastly, a study in 2012 conducted on neurons’ electrical recordings discussed how
the external electrical signal recorded from any area presenting neurons is composed
of various electrical components, including: synaptic activity, LFPs, inhibitory cur-
rents and return currents. Synaptic activities are, as we have established, the initial
action potentials. Local Field Potentials represent the collective activity of the de-
tected synapses and their signals. Ihibitory currents are mediated by receptors like
GABA. Return currents are generated by a phenomenon called ”positive sink”. A
sink current is generated by positively charged ions (Na+, Ca2+) flow into the neu-
ron through activated receptors, creating a localized sink of positive charge in the
extracellular space. To maintain electrical balance, there is an outward flow of ions
from inside the neuron to the extracellular space. This outward flow, known as the
return current, balances the positive charge accumulation and contributes to the
overall recorded signal and is directed towards the dendrites.

As a result, the positively charged axon manifests as a negative signal when
recorded externally. This means that action potentials propagating along the axon
will show a negative peak in the recorded signal. Conversely, the relatively neg-
ative dendrites produce a positive peak in the recorded signal. Action potentials
originating in the dendrites will exhibit a positive peak in the recorded signal.

The following graph (Figure 4) illustrates the signs of the electrical signals when
they are recorded from the extra-cellular space.

In conclusion, the culmination of research spanning several decades has provided
substantial evidence supporting the notion that action potentials in neurons of the
central nervous system are initiated in the axon and subsequently propagate into the
dendrites. This understanding of the directional flow of action potentials from axon
to dendrites has been reinforced by experimental studies examining the electrical ac-
tivity in neurons, particularly in cerebellar Purkinje cells. Moreover, investigations
into the composition of electrical signals recorded from neurons’ external environ-
ments have revealed distinct patterns corresponding to synaptic activity, local field
potentials, inhibitory currents, and return currents.

From the seminal work in the 1950s demonstrating distinct components of ac-
tion potentials recorded at the soma to more recent investigations utilizing advanced
techniques such as simultaneous recordings, the consensus is clear: the initiation site
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Figure 4: Axonal vs. Dendritic Activity.
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for action potentials lies within the axon, with an initial depolarization caused by a
positive charge inside the cell. This characterization allows the distinction between
synaptic signals and dendritic activity, which is generated by return currents and
therefore show an opposite waveform. This understanding elucidates the fundamen-
tal mechanisms underlying neuronal communication and is crucial to define the spike
sorting techniques discussed later on.

2.2 Cortex and Cortex Neurons

The cerebral cortex is a complex area of the brain with multiple functions and a
defined structure. It consists of convoluted layers of tissue, where grey matter forms
a thin sheet while white matter fibers extend outward. This separation allows for
efficient communication between neurons.

(a) Coronal section (b) Zoom on coronal section

Figure 5: Cereberaller Cortex

Neurons within the cortex form columns with similar functions, creating maps of
sensory surfaces and facilitating specialized functions across different cortical areas.
The cortex is organized into layers, reflecting the radial organization of connections
between brain regions, and laminar variations help identify different functional areas.
Overall, the structure of the cerebral cortex supports its diverse functions, including
those related to sensory processing, motor control, and higher cognitive processes
[38].

2.3 iPSCs (Induced Pluripotent Stem Cells)

Traditionally, pluripotency has been defined as “the ability to generate all cell types of
an embryo apart from the trophectoderm” (the precursor to the bulk of the embryonic
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part of the placenta) [5]. Embryonic stem (ES) cells, derived from the inner cell mass
of mammalian blastocysts, have the ability to grow indefinitely while maintaining
pluripotency. These properties have led to expectations that human ES cells might
be useful to understand disease mechanisms, to screen effective and safe drugs, and
to treat patients of various diseases and injuries, such as juvenile diabetes and spinal
cord injury [46]. Use of human embryos, however, faces ethical controversies that
hinder the applications of human ES cells. In addition, it is difficult to generate
patient- or disease-specific ES cells, which are required for their effective application.
One way to circumvent these issues is to induce pluripotent status in somatic cells by
direct reprogramming [54]. In 2007, a study conducted by Takahashi and Yamanaka
[43], proved the possibility of generating iPS cells from adult human somatic cells by
optimizing retroviral transduction in human fibroblasts and culture conditions.

This study uses 12 neural networks, composed of cortical neurons derived from
human fibroblasts and reprogrammed by Yamanaka’s factors, 6 of which are control
human induced pluripotent stem cells derived H9N neural stem cells (NSCs), and
the other 6 are iPSCs derived H9N NSCs carrying the LRRK2 G2019S mutation.
[ESPANDI]

2.4 Parkinson’s Disease

Parkinson’s Disease is a neurological disorder associated with motor disabilities, such
as tremor, bradykinesia, and rigidity [22]. By the end of the previous millennium, the
prevalence of the disease was around 1 in 1000 people, mostly in Western countries,
with the symptoms arising after the age of 50 [24]. It derives from the deterioration
of the neuronal cytoskeleton which affects predominantly cells from the limbic and
motor systems. As a result of this process, the neurons develop abnormalities, known
as Lewy bodies and Lewy neurites (clamps of abnormal protein particles). These
abnormalities cause the neurons to perish prematurely and lose functional integrity
much faster than a healthy specimen. Generally, the diagnosis is based on visible
symptoms but confirmed with post-mortem verification [7].

The early symptoms of Parkinson’s disease can be quite varied and vague, making
it challenging to diagnose initially. The classic tremor seen in Parkinson’s affects
around 70% of patients, but many may experience sensations like numbness or pain
without clear sensory loss. Muscles may feel painful, tender, weak, or stiff, and
patients might struggle with tasks like handwriting or repetitive activities. Other
common complaints include fatigue, depression, a feeling of slowing down, weariness
with life, and unexplained weight loss. Because of these symptoms’ vagueness and
variety, doctors may initially consider alternative diagnoses. Symptoms might be
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attributed to depression, rheumatism, or other medical conditions. [34]
An important factor which has emerged in recent years is the realization that

Lewy body (LB) pathology in the cerebral cortex is much more widespread than it
was initially believed. The belief was that LBs were mainly confined to certain areas
of the brain, particularly those involved in movement control.

However, with the use of the staining technique, the ubiquitin immunostaining,
for Lewy bodies, it was found that the Lewy body pathology, is generally much more
widespread throughout the cerebral cortex. In fact, virtually every PD patient ex-
amined using this technique showed some degree of Lewy body pathology in cortical
neurons.

Figure 6: Parkinson’s pathology.

2.5 Relation between G2019S mutation of LRRK2 and PD

The leucine-rich repeat kinase 2 is a protein with functional GTPase and kinase
domains, it is present in Lewy bodies, and its toxicity in mammals depends on the
presence of elevated α-synuclein[22]. Several studies have proven the causal relation
between the mutations in the kinase domains of LRRK2 and the onset of familial
Parkinson’s disease. The G2019S mutation in LRRK2’s kinase domain is a specific
type of mutation, and it constitutes 4% of familial cases and 1% of sporadic cases of
Parkinson’s disease worldwide. PD models indicate that LRRK2 mutations impact
vesicular trafficking, autophagy, protein synthesis, and cytoskeletal function [17].

In the following text, the mechanisms behind the neurodegeration and the corre-
lation with PD will be discussed.

A study conducted in 2006 found 3 cases of G2019S mutation of the gene LRRK2
out of the total 80 cases of PD that were scanned and had the objective of studying
the mechanisms behind the LRRK2 mutation and the onset of PD [14]. The study
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revealed that LRRK2 is widely expressed throughout various regions of the brain, as
well as in other organs and cell lines. The clinical and pathological analysis of the
three patients with the G2019S mutation showed variable ages of onset and disease
duration, with primary parkinsonian symptoms observed in all cases. Two patients
displayed typical Lewy Body pathology associated with PD.

The study suggests that the mechanisms behind the onset of the disease are linked
to LRRK2’s structural function. Also known as Dardarin, LRRK2 is an enzyme
which plays a role in various cellular processes, including maintaining the health and
functions of neurons. Alterations in the LRRK2 gene can affect the structure or
function of the protein it produces, potentially increasing neuronal susceptibility to
degeneration. Furthermore, protein aggregation such as the Lewy body pathology,
may also occur due to LRRK2 mutations, disrupting normal cellular function and
contributing to neuronal damage or death.

In 2005, a study was carried out by W. Nichols et al. [26], to determine the
prevalence of the G2019S mutation in the LRRK2 gene among individuals with
Parkinson’s Disease, hence observing the correlation between the two. The study
recruited 767 patients with PD from 358 families with more than one affected indi-
vidual (so-called multiplex families). The population was from North America and
mainly of white ethnicity (94%), with mean age at onset of 60.6 years and mean age
of study participation of 70.5 years. To compare the prevalence of the mutation, the
study included two control groups: 262 healthy men from white twin families and
965 North American white individuals with no sign of PD.

Genomic DNA from patients and controls was genotyped for the G2019S muta-
tion in the LRRK2 gene using TaqMan assays and sequencing, which are molecular
techniques capable of detecting specific DNA sequences. The mutation was identi-
fied in 5% of the patient population. The study analyzed the clinical characteristics
of patients with and without the mutation. It found that carriers of the mutation
tended to have longer disease duration and were more likely to have been treated
with levodopa for more than 5 years. The study proves that mutations in LRRK2 are
a significant cause of Parkinson’s susceptibility and may become a key component of
genetic testing for the disease.

2.6 MEA Technology

Microelectrode Array (MEA) technology is a powerful tool in neuroscience and cell
biology research, enabling the real-time monitoring of electrical activity in networks
of cells, particularly neurons. The MEA setup typically consists of a substrate em-
bedded with an array of microelectrodes, which can detect and record extracellular
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electrical signals generated by cells. This technology allows for the simultaneous
recording of multiple channels of neural activity, providing valuable insights into the
dynamics of cellular communication, synaptic function, and network behavior. This
study uses the MEA2100, developed by Multi Channel Systems, which is a specific
MEA system designed for high-throughput neurophysiological recordings. The sys-
tem features amplification and recording modules, allowing for precise and real-time
data acquisition.

2.7 Spike Sorting

The current state of the art in spike sorting algorithms shows promising develop-
ments, with ample room for innovation. The available open source spike sorting
algorithms are: WaveLab (for matlab), Kilosort and SpySort. An experiment has
been conducted by Buccino et al., comparing some of the mentioned algorithms and
found that no method obtains the same results [8]. However, they all share a common
pipeline structure that will be analyzed.

2.7.1 Filtering

The common filtration technique is done with a bandpass filter between the frequen-
cies 300-3000Hz, as it is the physiological range of the neuron’s activity.

2.7.2 Spike Detection

After filtration, the peaks become visible above the background noise activity and
can be identified, for instance, by employing an amplitude threshold. The choice of
the threshold is crucial, as low values determine the detection of false positive events,
and high values cause the detection to lose low amplitude real spikes. Although a
threshold can be manually set, given the detection trade-off, which is tied to the
signal-to-noise ratio of the recording, automatic thresholds are preferred. One of the
possible automatic thresholds is an estimated standard deviation of the noise,

Threshold = k · σ̂n (1)

with k typically ranging between 3 and 5. Several papers lean towards the use of the
standard deviation of the filtered signal. However, this simplistic approach may yield
significant errors. For detection purposes, the filtered signal X can be approximated
as a superimposition of the noise component N (with zero mean and variance σ2n.

N ∼ (0, σ2n) (2)
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and the peak component S (with mean µs and variance σ2s .), the latter with proba-
bility ps.

S ∼ (µs, σ
2
s) (3)

The resultant distribution would exhibit a heavy tail due to the spike waveform com-
ponent. Nonetheless, given ps is very small, the variance of the blended distributions
can be approximated by:

σ2x = σ2n + µsps. (4)

Clearly, adopting the obtained distribution’s variance as an estimate of the noise
variance will lead to a broader threshold, particularly in cases of high firing frequency
and great amplitude peak values.

To refine this estimation, an alternative approach has been proposed [32]. Assum-
ing the noise component N follows a normal distribution, it can be demonstrated
that:

σ2n =
median(|N |)

0.6745
(5)

The estimate based on the median absolute deviation (MAD) of the filtered signal
is far more robust than one relying on the standard deviation estimate. Indeed, this
assertion has been substantiated through simulations [32] and real-world data [33],
despite potential deviations from Gaussian noise distribution.

Moreover, considering the non-stationary nature of noise distribution, it’s pos-
sible to compute the estimate using data blocks - namely windows, instead of the
whole signal. Consequently, the threshold would be more robust to noise distribution
changes and the detection more accurate.

2.7.3 Feature Selection

Following the spike detection step, feature extraction and dimensionality reduction
methods are employed. Principal Component Analysis (PCA) stands out as one of
the most prevalent methods [1][15][21][39]. PCA obtains a projective transformation
that replaces the original attributes with a lower number of new attributes obtained
as their linear combination, without losing information [50]. Most pipelines choose
solely utilizing the first 2 or 3 components, as most of the energy in the data can be
captured, enabling their associated scores to serve as input for a clustering algorithm.
Hence, dimensionality reduction is achieved by transitioning from an M-dimensional
space to a K-dimensional one, where K << M (typically, K equals 2 or 3).

The second most popular choice for feature extraction is wavelets [16][32][45].
Wavelet functions are formed by dilated and shifted versions of a ”mother wavelet”
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[23]. Subsequently, detected spikes are convolved with wavelets, and create the sig-
nal’s decomposition with a set of coefficients that result from the convolution. Strong
correlation between the signal and wavelet at specific times and scales indicates the
efficacy of the wavelet as a local approximation of the signal. Oppositely, very lo-
calized shape discrepancies in individual unit peaks can be recognized with wavelet
coefficients.

It has been demonstrated that superior performance can be attained with wavelets
compared to PCA [32]. Elimina?[This disparity primarily arises from: the localized
temporal nature of wavelet coefficients, and the fact that PCA’s selected directions of
maximum variance do not necessarily coincide with the ones of maximum separation
between spike shapes.]

However, the challenge that arises from wavelet decomposition of automatically
selecting coefficients that best differentiate various peak shapes is not an easy task
[3].

Moreover, several papers agree that 3 PCs are sufficient to extract enough infor-
mation about the spikes’ behavior. [cita]

2.7.4 Clustering

The final step of the spike sorting process is to group the points in the feature space
into clusters, with each cluster associated to a different neuron. Various methods
have been explored. Manual cutting consists of manually defining cluster boundaries
based on visual inspection of different projections of the feature space. However, it
is time-consuming and can introduce errors due to human biases [12].

Pattern recognition methods comprise diverse techniques, ranging from as k-
means clustering [16][37][27][29][36][52], expectation maximization [19], and super-
magnetic clustering methods [32], which utilize pattern recognition algorithms to
automatically group spikes into clusters based on similarities in their features. These
methods offer automation but may still require manual parameter tuning.

Some pattern recognition methods require the assumption of the data’s distri-
bution, such as the Bayesian clustering and classification methods [21] that assume
Gaussianity and use algorithms like Expectation Maximization to estimate cluster
parameters. However, they may struggle with non-Gaussian cluster shapes and over-
fitting.

On the other hand, non-parametric clustering algorithms [35][20], such as super-
paramagnetic clustering [32], do not assume specific cluster properties and group
spikes based on nearest neighbor interactions. This flexibility allows them to handle
varying cluster sizes and shapes effectively.
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The hierarchical clustering techniques initially group spikes into many clusters,
which are then merged based on similarities in spike shapes and interspike interval
distribution. This method provides a hierarchical structure of cluster relationships
[4].

A very promising method is the class of trainable classification algorithms, like
Support Vector Machines [51] utilize machine learning techniques to classify spikes
into clusters. They offer a greater potential for automation but require sufficient
training data to achieve optimal performance.

Lastly, some spike sorting algorithms include a template matching step, where
spikes are matched to predefined templates to refine the clustering result. However,
the accuracy of this method depends on the quality of the templates and the initial
clustering.

Various methods, from simple clustering techniques like k-means to more complex
algorithms such as expectation maximization and support vector machines, have been
explored. However, none have proven universally optimal. Trainable algorithms
show promise but lack fundamental training data. Additionally, many algorithms
include template matching, but inaccuracies in template extraction methods can
limit effectiveness. Overall, the lack of comprehensive test datasets containing a
wide range of spike shapes hinders the evaluation and improvement of classification
algorithms for neural spike sorting.

2.7.5 Challenges and Limitations

The two most common challenges of the spike sorting algorithms are:

a) dealing with overlapping spikes

b) evaluating the algorithm’s performance

When two neurons fire at the same time or with slight delay in a close spatial dis-
tance, their spikes will overlap. This could generate complex waveforms, thereby
complicating cluster isolation. Overlapping spikes pose one of the most daunting
challenges in spike detection and extraction, and although various methods have
been proposed [16][21][28][30][44], no optimal approach exists to address it. In our
work, we excluded overlapping spikes by detecting peaks (representing the action po-
tential peak) with a minimal distance between each other of 30ms (average refractory
period [8]).

Determining the accuracy of the spike sorting process, especially whether two
clusters should merge or if an obtained cluster fails to correspond to a well-isolated
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single unit, remains unclear. To objectively assess the performance of spike sort-
ing algorithms, a ground truth is necessary. One approach involves simultaneous
intracellular and extracellular recordings [15][53], but it can be applied to maximum
4 neurons. In our case, the modeling step and classification metrics can help us
understand which methods achieve better results.

In recent years, attention has been drawn to the disparity between the number
of neurons identified via extracellular recordings and the anticipated count based on
biological and anatomical considerations. Hypothesis have been proposed as expla-
nations for this issue [10][40], such as tissue damage from electrode insertion into the
recording area [11] or electrical isolation due to the probe substrate [25]. Alterna-
tively, it has been suggested that this may stem from the low firing rate of a relatively
large number of neurons (known as “silent neurons”). Recordings from the medial
temporal lobe in humans showed the presence of “nearly silent neurons” (neurons
with very low baseline rates) [35] and more broadly in mammalian neocortex and
hippocampus, as they remain inactive during wakefulness but are observable during
anesthesia [40].

As of now, there is no clear consensus in the scientific community over spike
sorting standards, but there are approaches that are more common than others and
that share an overall similar structure.

2.8 Neuron Modeling

Neuron models are mathematical descriptions used to simulate the behavior of neu-
rons and understand their functioning. Two commonly used neuron models are the
integrate-and-fire model and the Hodgkin-Huxley model.

2.8.1 Hodgkin and Huxley model

The Hodgkin-Huxley model is a biophysical model that describes the dynamics of
the neuronal membrane potential and action potential generation in greater detail
compared to the Integrate-and-Fire model. The equation below summarizes the
dynamics explained by the model.

CMdV = −gNam
3h(V − VNa)dt+

−gkn
4(V − Vk)dt− gL(V − VL)dt+ dIsyn(V, t)

CM is the membrane capacitance and dV is the membrane potential, which is a
continuous variable. This product is composed by the sum of the contributes of
the two ions that control neuron firings, a leak contribute and the synaptic input.
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gNa, gK , gL represent the conductances of sodium (Na+), potassium (K+), and
leak (non-specific) channels. m, h, n represent the gating variables that control the
opening and closing of the sodium and potassium channels. VNa, VK , VL represent
the reversal potentials for sodium, potassium, and leak currents, respectively. Lastly,
Isyn(V,t) represents the synaptic input, which may be a function of both membrane
potential and time.

The equation describes how the membrane potential changes over time
(dV/dt) due to the flow of ions across the neuronal membrane. The first term on
the right-hand side (−gNam

3h(V − VNa)) represents the sodium current, which is
dependent on the activation (m) and inactivation (h) gating variables. The second
term (−gKn4(V −VK)) represents the potassium current, which is dependent on the
activation gating variable (n). The third term (−gL(V − VL)) represents the leak
current, which accounts for non-specific ion flow across the membrane.

Overall, the Hodgkin-Huxley model provides a detailed understanding of the bio-
physical mechanisms underlying neuronal excitability and action potential generation
by incorporating the contributions of specific ion channels and their gating dynamics.

2.8.2 Integrate and Fire model

The Integrate-and-Fire model provides a simplified yet effective framework for un-
derstanding the dynamics of neuronal membrane potential and action potential gen-
eration. In this model, a neuron receives excitatory postsynaptic potentials (EPSPs)
from p excitatory synapses and inhibitory postsynaptic potentials (IPSPs) from q
inhibitory synapses. While the activities among excitatory and inhibitory synapses
are correlated, for simplicity, they are assumed to be independent. The membrane
potential Vt evolves over time according to the equation

dVt = −L(Vt − Vrest)dt+ dIsyn(t) (6)

where L represents the decay rate, and

Isyn(t) = a

p∑
i=1

Ei(t)− b

q∑
j=1

Ij(t). (7)

Vrest is the resting potential, and Vthre is the threshold potential. When the
membrane potential Vt reaches the threshold Vthre, a spike is generated, and Vt is
reset to Vrest. The term dIsyn(t) represents the synaptic input, which is composed of
the sum of excitatory and inhibitory synaptic currents. These currents are modeled
as Poisson processes with rates λE and λI , respectively. Parameters a and b represent
the magnitude of each EPSP and IPSP, respectively, and are greater than zero.
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This model allows for the simulation of neuronal firing dynamics in response to
synaptic inputs and provides insights into the basic mechanisms underlying neuronal
excitability.

While both the Hodgkin-Huxley (HH) model and the Integrate-and-Fire (IF)
model are utilized for simulating neuronal activity, they differ in complexity and
computational efficiency. The HH model offers detailed biophysical representation
by accounting for specific ion channels and their dynamics, making it suitable for
precise investigation of individual neuron behavior. However, the IF model, with
its simplicity and computational efficiency, is more suited for large-scale simulations
and exploring emergent properties of neural networks.

2.8.3 Statistical input-output model

Following the detailed exploration of the Hodgkin-Huxley (HH) model and the Integrate-
and-Fire (IF) model, we shift our focus to statistical output-input models, which
offer a complementary approach to understanding neuronal dynamics. Statistical
output-input models serve as a cornerstone in neuroscience research, providing a
framework to analyze the intricate relationship between external stimuli and neu-
ronal responses. These models delve into the probabilistic nature of neural activity,
capturing the stochastic dynamics underlying information processing in the brain.

Noisy Neuron

The noisy neuron model offers an alternative perspective on neuronal behavior by in-
corporating stochastic elements to capture the inherent variability in neuronal activ-
ity. Unlike deterministic models like the Hodgkin-Huxley model or the integrate-and-
fire model, the noisy neuron model recognizes that neuronal responses are influenced
by random fluctuations in membrane potential or synaptic inputs.

In the noisy neuron model, noise manifests as random fluctuations in the input
current or membrane potential, which can significantly impact the timing and re-
liability of neuronal firing. These fluctuations arise from various sources, including
random ion channel gating, synaptic release processes, and background synaptic ac-
tivity. As a result, the firing patterns of neurons in the noisy neuron model exhibit
variability and stochasticity, reflecting the inherent randomness in neuronal dynam-
ics.

The mathematical formulation of the noisy neuron model typically involves stochas-
tic differential equations or stochastic conductance-based models. These equations
describe the evolution of the membrane potential over time in the presence of stochas-
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tic input currents or synaptic inputs. The simplest formulation is:

R(s) = τ(s) +
√
V (s)ξ (8)

where R(s) is the neuron’s response, τ(s) is the deterministic response (defined by
the tuning curve), and

√
V (s)ξ represents the stochastic component of the neuron’s

response. In this expression,
√

V (s) denotes the standard deviation of the stochas-
tic process V (s), which characterizes the variability or randomness in the neuron’s
response. The term ξ represents a random variable drawn from a standard normal
distribution, with a mean of 0 and a variance of 1, capturing the random fluctuations
or noise added to the neuron’s response. Together,

√
V (s)ξ adds stochastic fluctua-

tions to the deterministic component τ(s), resulting in a noisy neuron response R(s)
that accounts for both deterministic tuning and random variability.

When dealing with an ideal Integrate-and-Fire model, it has been proven that
the stochastic term in the firing activity is modeled as a Wiener process, following a
Brownian motion [18][2].

V (t) = V0 + βt+

∫ t

0
dW (u)du (9)

β is the drift parameter and W (u) is the Wiener process.

Point Process Model

The Point Process Model is a mathematical framework used in neuronal modeling to
capture the timing of discrete events, such as action potentials or spikes, in continuous
time. It plays a significant role in understanding spike train dynamics and neuronal
firing patterns.

In the Point Process Model, neuronal events are represented as a series of discrete
occurrences in continuous time, modeled as point processes. These processes describe
the probability distribution of spike times within a spike train.

Parameter estimation and inference techniques, including maximum likelihood
estimation and Bayesian inference, are employed to fit point process models to ex-
perimental data, to infer underlying neuronal dynamics.

Despite its advantages in capturing temporal patterns and variability in spike
timing with high precision, challenges such as model complexity and computational
demands persist. This topic will be further explored in the Section 3.4 on Modeling,
where the application of point process models in neuronal data analysis will be
discussed in detail.
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According to the previously cited theory, which models the neuron as an Integrate-
and-Fire model and its activity as a Wiener process, the ISI curve’s Probability
Density Function in this framework, follows an Inverse Gaussian Distribution [18][2],
defined as follows.

f(x;µ, λ) =

√
λ

2πx3
exp

(
−λ(x− µ)2

2µ2x

)
(10)
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Materials and Methods

3.1 The Data

The data provided in this study consists of recordings obtained from 12 neural net-
works of cortical in-vitro neurons. Pluripotency is induced by use of the Episomal
iPSC reprogramming vectors on dermal fibroblasts, using Yamanaka factors ((Oct4,
Sox2, Nanog, Lin28, Klf4 and lMyc). half of which carry the genetic mutation of the
LRRK2 gene. Half of the control networks and half of the mutated networks undergo
a stimulation process with Kainic Acid and are recorded again after 24 hours.

The iPS Cells were cultured and expanded on 0.01 poly-L-Ornithine and L-15
laminin (L15 medium containing 1:60 natural mouse laminin and 1:41 sodium bi-
carbonate), for Neural Stem Cell growth. Subsequently, the cells were placed in a
standard humidified air incubator (5% CO2, 20% O2, 37◦C). Each microfluidic chip
was prepared with the same combination of materials suitable for Neural Stem Cell
growth and development (PLO and L-15 laminin), and seeded with 1.1 × 105 NSCs
(37000 cells per cell chamber).

From this point, synchronized differentiation and maturation of the NSCs into
cortical neurons took place over 15 days, using an NSC reagent bundle and media
(ax01011) following the manufacturer’s instructions.

Figure 7: A. Microfluidic chips; B. MEA set-up; C. Electrode placement; D. Exper-
iment time-line.

Lastly, recordings were obtained from the resulting cultures. The baseline record-
ings were the first to be extracted and are circa 400-second long.

Next, half of each neuron populations are stimulated. The stimulation is of chem-
ical nature and was generated with Kainic Acid, which was applied to half of the
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populations (3 out of 6 for both the control groups and the genetically mutated ones).
The Kainic Acid (KA) is an anthelmintic drug structurally related to glutamate, that
has excitatory electrophysiological actions on neurons in the vertebrate CNS and at
the invertebrate neuromuscular junction and produces important excito-toxicity ef-
fects on neurons by interacting with the glutamate receptors, overstimulating them,
disrupting their chemical balance, and interfering with their communication, ulti-
mately leading to cell damage or death. KA was applied in the top cell chamber for
30 minutes. After the stimulation and the recordings, the cells were washed with
Dulbecco’s phosphate buffered saline (PBS) to bring back the cells to baseline values.
New recordings were then taken 24 hours after the PBS procedure.

Ultimately, the files are in .msrs and .msrd format and are converted to .h5 files
through the device’s software in order to prepare them for computational processing.

The files converted in .h5 format and used in this work are the following:

• Control Networks:

– Baseline: 4 files

∗ 2019-01-23T11-05-52MIP3 health cortical .h5

∗ 2019-01-23T11-19-05PoP1 healthy cortical .h5

∗ 2019-01-23T11-30-29MEA2 healthy cortical .h5

∗ 2019-01-23T11-41-41Pop1 healthy cortical .h5

– Post-Stimulation: 3 files

∗ 2019-01-24T15-38-41MiP2 24hour after KA healthy .h5

∗ 2019-01-24T15-49-35Pop3 24hour after KA healthy .h5

∗ 2019-01-24T16-00-33Pop1 24hour after healthy .h5

• LRRK2-Mutated Networks:

– Baseline: 7 files

∗ 2018-11-27T09-22-44MIP 5 BL .h5

∗ 2018-11-27T09-38-09MIP 2 BL .h5

∗ 2018-11-27T09-49-48MIP 3 BL .h5

∗ 2018-11-27T10-03-29MIP4 BL .h5

∗ 2018-11-27T10-17-41POP 1 BL .h5

∗ 2018-11-27T10-29-42POP 2 BL .h5

∗ 2018-11-27T10-40-53POP 3 BL .h5

– Post-Stimulation: 3 files
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∗ 2018-11-28T11-29-05MIP 5 KA 24hrs after.h5

∗ 2018-11-28T11-55-53MIP3 KA 24hrs after.h5

∗ 2018-11-28T12-08-45MIP4 KA 24hrs after.h5
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3.2
Recording

3.3
Sorting

3.4
Modeling

3.5
Classification

Figure 8: Pipeline Block Diagram

3.2 Recording

The electrical activities were recorded through the use of Multi-Electrode Array
(MEA) technology with 3-nodal microfluidic chips, specifically customized by Van
de Wijdeven et al [49].

Each nodal chamber, with an octagonal shape of 4mm in diameter, accommodates
neurons for growth and development. The chambers are interconnected via microtun-
nels (104 in total), including axons and dendrites from neighboring neurons. Beneath
the microfluidic chips, 59 micro-electrodes record the neuronal activity, alongside a
reference electrode.
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(a) MEA custom set-up (b) Microfluidic chips
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3.3 Spike Sorting

After acquiring the neural activity recordings, the first step is to extract the neuron’s
activity, which is a process known as spike sorting.

The spike sorting step is implemented with one function that receives as input
the “input path” and the “output path”. It processes the file located in the input
path and saves the .txt file containing the neurons’ spike indices in the output path.
The function also returns the list of time indices of each neuron as the output.

From this output we can build the ISI histograms and the Point Process model,
to later train the classification models.

3.3.1 Filtering

According to most existing spike sorting algorithms and to electrophysiological the-
ory, the neural signal is in the frequency range between 300-3000 Hz.

Therefore a Butterworth filter is applied to remove noisy components. In order to
avoid phase distortion, the filtering was executed with the “filtfilt” python function,
which performs zero-phase digital filtering by processing the input data x in both
the forward and reverse directions. Following Gustafsson’s algorithm, the function
matches initial conditions after filtering the data in the forward direction, to minimize
startup and ending transients, reverses the filtered sequence, and runs the reversed
sequence back through the filter. As a result, the signal has zero phase distortion,
and the filter function is equal to the squared magnitude of the original filter transfer
function, with a filter order that is double the order of the filter specified by b and
a.

An additional filter procedure is required due to anomalous frequencies recorded
by the Reference channel.

3.3.2 Spike Detection

After the data has been filtered, the peaks in the data over a certain threshold are to
be identified, in order to extract neural activity. This requires choosing and setting
a peak threshold and identifying where to extract the data to obtain the complete
spike. As introduced in the State of the Art chapter, the Median Absolute Deviation
of the signal is a good approximation of the noise variance. It is defined as:

MAD = |Xi − X̃| (11)

Where X1, X2, . . . , Xn are variables of a dataset (namely, the signal amplitude
values) and X̃ is the median of the dataset (X̃ = median(X)).
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Most spike sorting algorithms agree on thresholds between 3 to 5 times the MAD
of the signal. For this study, it was deemed appropriate to only work with nega-
tive spikes, or rather spikes with an initial negative peak. [cita papers su attività
dendritica]

3.3.3 Feature Selection

After the identification of the plausible peaks, the spikes are extracted, their data is
analyzed and selected.

Firstly, the spikes are obtained by extracting the data around the peak indices.
According to Toolsi’s paper, cited above, the noisy spikes will present a higher ab-
solute mean and a higher standard deviation. Therefore, statical parameters of each
cutout spike are computed, and if a high standard deviation or absolute average is
observed, the spike is removed, as it indicates that it contains a higher presence of
noise [47].

Subsequently, the extracted signal is normalized with its specific mean and vari-
ance.

Finally, Principal Component Analysis is applied to the selected spikes and 3 PCs
are used to represent the data’s information.

3.3.4 Clustering

Once the Principal Components are extracted, the clustering process is performed.
The best performing algorithm was found to be the k-means clustering method. This
method is cited by many papers as one of the most common choices in spike sorting
algorithms.

Given a datasetD with n observation, and a numberK of clusters to be generated,
the algorithm aims to partition the n observations into K clusters, so as to minimize
the intra-cluster variance (sum of squares).

argmin
S

K∑
h=1

∑
x∈Ch

(dist(x,wh))
2 (12)

which is equivalent to

=
K∑
h=1

∑
x∈Ch

(x− wh)
2 (13)

Where wh with h = (1, . . . , K) are the centroids that need to satisfy the equation
to find the minimum.
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K centroids are initially arbitrarily chosen in the dataset D as the centroids of the
clusters, each observation is iteratively assigned to the cluster whose centroid is the
most “similar” (in terms of distance), the new centroid is also iteratively computed
as the mean of the values of the observations belonging to the cluster. The algorithm
stops when all observations have been assigned.

In order to evaluate the clustering, the silhouette score is computed. The sil-
houette score evaluates both the intra-cluster similarity (cohesion) and inter-cluster
distance (separation). It is computed with the formula:

b− a

max(a, b)

Where a is the mean distance between a sample point and all other points in the
same cluster. It represents the cohesion of the sample to its own cluster; and b is the
mean distance between a sample and all points in the nearest cluster that the sample
is not a part of, it represents the separation of the sample from the other clusters.
The overall silhouette score of a cluster is the average of the silhouette scores for
each sample. The silhouette score ranges from -1 to 1 and values above 0.5 suggest
a “reasonable” clustering.

In the proposed approach, the clustering step performs the k-means clustering
algorithm on a range of cluster sizes and selects the one with the highest silhouette
score, if it is over a standardly accepted threshold [13]. This way, the best cluster
configuration is adopted.
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3.4 Modeling

After every single neuron’s activity is sorted, this work aims to generate a model to
characterize the neural activity and specifically the differences between healthy and
mutated neurons, and for a more detailed analysis, pre- vs post-stimulation.

3.4.1 Point Process Theory

A Stochastic Point Process is a binary stochastic process that occurs unevenly in
continuous space or time. The events are considered to be instantaneous and indis-
tinguishable except for the position in time (or space). In the framework of neural
signal analysis, we consider the event to be the occurrence of the spike and it is iden-
tified at the time of the maximum of the observed action potential, with no further
information about the spike (duration, amplitude, waveform).

A spike train is a sequence of action potentials by one neuron, over a certain time
window (0,T]. Having said that the process is stochastic, the point process theory
has the objective of evaluating the degree of randomness of the neuron’s activity.

3.4.2 Inter-Spike Intervals

The Inter-Spike Intervals are the time difference between one event and the subse-
quent one.

0 ≤ t0 < t1 < · · · < tk ≤ T in (0, T ]

The counting measure expresses the number of events in the interval (0, t]:

Nx(0, k) =
∞∑
k=1

I(Tk ≤ t) (14)

Its histogram serves as an estimation of the Probability Density Function. More
specifically,

Nj

N
≈

∫ jδ

(j−1)δ
f(τ) dτ (15)

Where j is the bin’s index (ranging from 1 to J), Nj is the number of instances
in bin j, and N is the total number of instances (inter-spike intervals), f(τ) is the
Probability Density Function of the Inter-Spike Intervals.

The Inverse Gaussian is the widely accepted PDF of a standard healthy neu-
ron, because it is the ISI probability density function of the activity of a non-leaky
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integrate-and-fire model with a fixed threshold, which is driven by Wiener process
inputs [48][18][2], modeled as a Brownian motion.

V (t) = V0 + βt+

∫ t

0
dW (u)du (16)

where V is the membrane potential, β is the drift parameter, and W (u) is the Wiener
process. When the neuron is modeled as such, the ISI follows the Inverse Gaussian
distribution, which is why it is one of the preferred methods.

Therefore, it is safe to assume that the best performing distribution to approxi-
mate the probability density function of the ISI histogram of a single neuron is the
Inverse Gaussian, modeled as follows:

f(x;µ, λ) =

√
λ

2πx3
exp

(
−λ(x− µ)2

2µ2x

)
(17)

(a) PDF (b) CDF

Figure 10: Inverse Gaussian

Figure 10 represents the Inverse Gaussian distribution and its Cumulative Density
Function. The empirical distribution CDF is:

Fx(t) =

∫ t

0
p(x|θ) dθ (18)

Where p(x|θ) is the empirical PDF of the Inter-Spike Interval distribution, and θ
is the set of parameters (µ, λ).
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By applying Bayes’ theorem, we aim to obtain the probability of the parameters
given the data (ISI), p(θ|y).

p(θ|y) = p(y|θ)p(θ)
p(y)

(19)

3.4.3 Likelihood

The likelihood function, denoted in Bayes’ formula as p(y|θ), represents the proba-
bility of observing the data (inter-spike intervals), given a specific set of parameters
θ. It quantifies how well the model with parameters θ explains the observed data.

3.4.4 Maximum a Posteriori Probability

The Maximum a Posteriori (MAP) probability is a statistical method used to esti-
mate the most likely values of parameters θ, given the observed data y, by combining
prior knowledge p(θ) with the likelihood function p(y|θ), following Bayes’ theorem.

The prior knowledge in our work is arbitrarily chosen and will be described below.
The MAP estimation is a process that identifies the parameter values that maxi-

mize the posterior probability distribution p(θ|y), providing a principled way to infer
parameter values from data while considering prior knowledge about the parameters.

3.4.5 Dirichlet Distribution

The Dirichlet distribution is a probability distribution over vectors of positive num-
bers that sum to one. It’s often used to model the probabilities of outcomes in
scenarios with multiple categories. Mathematically, given a vector of parameters α,
the probability density function (PDF) of the Dirichlet distribution is defined as:

f(x1, x2, . . . , xk | α1, α2, . . . , αk) =
1

B(α)

k∏
i=1

xαi−1
i (20)

Where:

• k is the number of categories

• x1, x2, . . . , xk are the probabilities of each category

• α1, α2, . . . , αk are the parameters of the distribution

• B(α) is the beta function
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In this computational paradigm, the defined Dirichlet model is composed by one
Inverse Gaussian distribution and 2 Gaussian distributions to model the neuronal
activities.

3.4.6 Model Evaluation

Each model is evaluated by means of the Kolmogorov-Smirnov (KS) plot, KS dis-
tance, and Quantile-Quantile (Q-Q) plot. The KS plot visually compares the cumu-
lative distribution function (CDF) of the model against the empirical CDF of the
observed data. The KS distance quantifies the maximum vertical distance between
these two CDFs, providing a numerical measure of goodness-of-fit. A smaller KS
distance indicates a better fit of the model to the data.

On the other hand, the Q-Q plot compares the quantiles of the empirical distribu-
tion with the quantiles of the theoretical distribution under the model. A perfect fit
would result in points lying along a diagonal line. Deviations from this line suggest
discrepancies between the model and the observed data. Together, these evalua-
tion methods help assess the effectiveness of the Dirichlet model in capturing the
inter-spike interval (ISI) behavior of neurons, providing insights into its accuracy
and appropriateness for the given dataset.
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3.5 Classification

The Point Process Modelling step allows us to obtain the parameters of the distribu-
tions of each neuron’s activity. These will be used as features in Machine Learning
methods to train a classifier that distinguishes between LRRK2 mutated neurons
and control neurons.

3.5.1 Binary Classification

A binary classification problem is a type of supervised learning problem in which
the objective is to categorize data into one of two possible classes. In our scenario,
the classes are the control network and the LRRK2-mutated network, and the task
involves categorizing neurons into their respective classes.

Several classifiers were tested in order to find the best performing one.
Metrics such as accuracy, precision, recall, and F1 score were evaluated to choose

the final classifier.

3.5.2 Decision Tree Classifier

Decision tree classifiers are a popular supervised learning method used for both clas-
sification and regression tasks. The core idea behind decision trees is to recursively
partition the feature space into regions, with each region corresponding to a specific
class label. The tree structure consists of nodes, each representing a feature test,
and branches, which represent the possible outcomes of the test.

At each step of the tree-building process, the decision tree algorithm selects the
most informative feature at each node based on certain criteria, such as Gini impurity
or information gain, to maximize the purity of the resulting subsets.

One commonly used criterion is the Gini impurity, defined as:

Gini = 1−
k∑

i=1

p2i (21)

where k is the number of classes and pi is the proportion of samples belonging to
class i in the current node.

Another criterion is information gain, which measures the reduction in entropy
(uncertainty) after splitting the data based on a particular feature. Entropy is cal-
culated as:
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Entropy = −
k∑

i=1

pi log2(pi) (22)

where pi is the probability of the i-th class in the current node. The feature that
maximizes information gain or minimizes impurity is chosen as the splitting criterion
at each node.

This process is repeated recursively until a stopping criterion is met, such as
reaching a maximum depth or when further splitting does not significantly improve
the classification performance. The resulting tree can then be used to classify new
data points by traversing the tree from the root node to a leaf node based on the
values of their features.

Decision trees are robust to irrelevant features and outliers, and they can handle
both numerical and categorical data. However, they may suffer from overfitting if not
properly tuned, and they may not always generalize well to unseen data. Nonetheless,
decision trees serve as the basis for more advanced ensemble methods, such as random
forests, which combine multiple decision trees to improve classification performance.

3.5.3 Random Forest

Random Forest is a powerful machine learning algorithm commonly used for classifi-
cation tasks. It belongs to the family of ensemble learning methods, where multiple
models are combined to improve predictive performance.

The core idea behind Random Forest is to build a multitude of decision trees
during training and output the mode of the classes (for classification tasks) of the
individual trees. Each decision tree is constructed using a random subset of the
training data and a random subset of the input features. This randomness helps to
decorrelate the trees, reducing overfitting and improving generalization performance.
During prediction, the input data traverse through each tree, and the class prediction
is determined by a majority vote among the trees. Mathematically, the prediction
of a Random Forest classifier can be represented as:

ŷ = mode(T1(x), T2(x), . . . , Tn(x))

where ŷ is the predicted class label, Ti(x) represents the prediction of the i-th
decision tree for input x, and n is the total number of trees in the forest. This
approach results in a robust and highly accurate classifier, capable of handling large
datasets with high-dimensional feature spaces.
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3.5.4 Logistic Regression

Logistic regression is a widely used statistical method for binary classification tasks.
In logistic regression, the goal is to model the probability that a given input belongs
to a particular class. Let x denote the input features, and y denote the binary class
label (0 or 1). The logistic regression model predicts the probability P (y = 1|x) that
the input x belongs to class 1 using the logistic function:

P (y = 1|x) = 1

1 + e−(β0+β1x1+β2x2+...+βnxn)
(23)

where β0, β1, . . . , βn are the model coefficients (also known as weights), and x1, x2, . . . , xn
are the input features. The logistic function ensures that the predicted probabilities
are between 0 and 1. The coefficients β0, β1, . . . , βn are estimated from the training
data using techniques such as maximum likelihood estimation or gradient descent.
During inference, the class label is predicted based on a chosen threshold (e.g., 0.5),
where inputs with predicted probabilities above the threshold are assigned to class 1
and those below are assigned to class 0. Logistic regression is a linear model, mean-
ing that it assumes a linear relationship between the input features and the log-odds
of the class label. Despite its simplicity, logistic regression is often effective for many
binary classification problems and is particularly useful when interpretability is im-
portant.

3.5.5 Support Vector Machine

Support Vector Machine (SVM) is a powerful supervised learning algorithm com-
monly used for classification tasks. The fundamental principle behind SVM is to
find the hyperplane that best separates the data points belonging to different classes
while maximizing the margin between them. Mathematically, given a set of training
data points (xi, yi), where xi represents the feature vector of the i-th data point and
yi is its corresponding class label (yi ∈ {−1,+1}), SVM seeks to solve the following
optimization problem:

min
w,b

1

2
∥w∥2 subject to yi(w · xi + b) ≥ 1, ∀i (24)

where w is the weight vector orthogonal to the separating hyperplane, and b is
the bias term. The term 1

2∥w∥2 serves as a regularization term to encourage a large
margin between the classes. The hyperplane is defined by w · x + b = 0, and the
decision function for classifying new data points is given by f(x) = sign(w · x + b).
SVMs are particularly effective in high-dimensional spaces and can handle non-linear
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decision boundaries through the use of kernel functions, which implicitly map the
input space into a higher-dimensional feature space. Overall, SVMs offer a robust
and versatile approach for binary classification tasks.

3.5.6 4-class Problem

In the realm of machine learning, multi-class classification problems pose a unique
challenge where the task is to assign input data into one of several distinct categories
or classes. Unlike binary classification, which distinguishes between two classes,
multi-class classification involves discerning among three or more possible outcomes.
Various methodologies have been developed to tackle such complex tasks effectively.
One common approach is the ”One-vs-All” (OvA) or ”One-vs-Rest” (OvR) strategy,
where separate binary classifiers are trained for each class, distinguishing it from
all other classes. Alternatively, the ”One-vs-One” (OvO) method involves training
individual binary classifiers for each pair of classes.

Additionally, techniques such as multinomial logistic regression, decision trees,
random forests, support vector machines (SVMs), and neural networks are often
employed to address multi-class classification problems. These methodologies lever-
age diverse mathematical and computational techniques to model the relationships
between input features and class labels, ultimately enabling accurate classification
across multiple classes.

In this study, we tackle a four-class classification problem by categorizing into
control vs. mutated, and baseline vs post-stimulation, using a combination of these
approaches, adapting and fine-tuning them to suit the specific characteristics of our
dataset and objectives.

Decision Tree and Random Forest classifiers are easily extendable to multi-class
problems, however, logistic regression and SVM models continue to employ binary
classification algorithms. Logistic regression employs the ”one-vs-all” strategy, train-
ing multiple binary classifiers to distinguish each class from the rest. Similarly, SVMs
adapt through techniques like ”one-vs-one” or ”one-vs-all,” where they create binary
classifiers for each pair of classes or treat each class as the positive class while group-
ing the rest as negative. These strategies enable logistic regression and SVMs to
effectively tackle multi-class classification tasks while leveraging their inherent bi-
nary classification capabilities.
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3.5.7 Hyperparameter Estimation

GridSearchCV is a powerful technique employed in machine learning to fine-tune
model hyperparameters. It functions by exhaustively searching through a predefined
grid of hyperparameters, considering every possible combination. For each combina-
tion, the model is trained using cross-validation, wherein the dataset is divided into
multiple subsets, and the model is iteratively trained on a subset and validated on the
remaining data. This process helps to assess the model’s performance under various
hyperparameter configurations. After evaluating all combinations, GridSearchCV
selects the hyperparameters that yield the highest performance metric, such as accu-
racy, as the optimal configuration. By systematically exploring the hyperparameter
space, GridSearchCV assists in optimizing model performance and enhancing its
generalization capabilities on unseen data.

3.5.8 Metrics

In classification problems, the evaluation of model performance relies on various
metrics that provide insights into different aspects of the model’s behavior. Among
these metrics are accuracy, recall, precision, F1-score, and ROC AUC. Accuracy
represents the proportion of correctly classified instances out of the total instances
in the dataset and is calculated as:

Accuracy =
Number of Correct Predictions

Total Number of Predictions
Recall, also known as sensitivity or true positive rate, measures the proportion of

actual positive instances that were correctly identified by the model and is calculated
as:

Recall =
True Positives

True Positives + False Negatives

Precision quantifies the accuracy of positive predictions made by the model and
is calculated as:

Precision =
True Positives

True Positives + False Positives

The F1-score is the harmonic mean of precision and recall, providing a balance
between the two metrics and is calculated as:

F1-score = 2× Precision× Recall

Precision + Recall
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Receiver Operating Characteristic Area Under the Curve (ROC AUC) measures
the area under the ROC curve, which plots the true positive rate against the false
positive rate across different classification thresholds. It provides a single value rep-
resenting the model’s ability to discriminate between positive and negative instances
across all possible thresholds.
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Results

4.1 Spike Sorting

The first process employed in the computational approach presented here, is the
Spike Sorting procedure, which aims at identifying single neuron activity from the
raw data recorded from the 12 neural networks via MEA technology.

An initial power spectral analysis of the Reference channel revealed the presence
of two noise components at frequency 400Hz and 800Hz, and therefore two notch
filters were applied to that channel.

(a) Before Filtering

(b) After Filtering

Figure 11: Reference Channel
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Subsequently, the rest of the channels are pre-processed with a Band-pass But-
terworth filter. Finally, the Reference channel is subtracted from all other channels.
The image below shows an example of a channel from the control population during
baseline activity, before and after the filtering process.

Figure 12: Channel Before and After.

After the data has been filtered, the algorithm identifies the plausible spikes by
extracting the indices of the peaks over a windowed threshold (1-minute long).

The threshold is set at 3 times the MAD of the 1-minute signal window and is
applied to identify negative peaks only.

The image below shows the detected peaks of a channel from the control group
during baseline, over the whole duration (Figure 13a). The second image shows the
first window over which the windowed detection is applied (Figure 13b).

Once the peaks are detected, the spikes are to be extracted. According to a
study conducted in 1985 on 134 in-vitro neurons, the durations of the spikes ranged
between 1.2 and 3.9 ms [6]. Our approach chose to extract windows of 3ms around
the peak indices and positioning the peak at 0.1ms in the window.

In this same step, a selection process is performed, by evaluating spike mean and
standard deviation, before the data is normalized.

The selection criterion was chosen as follows: the maximum standard deviation
accepted is 2 times the signal’s standard deviation, the maximum mean is 3 times
the signal’s mean - in absolute terms. Figure 14 shows a random channel from a
control network during baseline after the spike selection process.

Finally, the extracted spikes are processed with the k-means clustering
method with the best silhouette score (Figure 15).
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(a) Over Complete Signal

(b) Over 1-minute Window

Figure 13: Spike Detection
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Figure 14: After Spike Selection.

Figure 15: Cluster.
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As a result, the obtained neurons are:

• 232 healthy baseline neurons

• 232 healthy stimulated neurons

• 406 LRRK2-mutated baseline neurons

• 174 LRRK2-mutated stimulated neurons

with average firing rates of:

• 19.1 Hz (healthy baseline neurons)

• 28.5 Hz (healthy stimulated neurons)

• 6.7 Hz (LRRK2-mutated baseline neurons)

• 5.8 Hz (LRRK2-mutated stimulated neurons)

Figure 16: Firing Rates
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4.2 Point Process Modeling

As introduced in Section 3.4.5, the distribution chosen to model the neuron’s ISI
histogram is the Dirichlet Mixture Model, composed of one Inverse Gaussian Distri-
bution and two Gaussian Distributions. Neurons are selected for the modeling if they
have more than 800 spikes in an interval of 200 seconds, for convergence purposes,
therefore reducing the total number of neurons. Each composing model also has a
prior parameter distribution defined in this phase.

• Inverse Gaussian Mean: 0-0.2

• Inverse Gaussian Lambda: 0.0001-0.1

• 1st Gaussian Mean 0-0.2

• 1st Gaussian sigma: 0.01-0.7

• 2st Gaussian Mean 0.2-0.6

• 2st Gaussian sigma 0.01-0.7

The rationale behind these distributions is derived from various attempts that
lead to the conclusion that healthy (control) neurons are best modeled by a Dirichlet
Model mainly composed of the Inverse Gaussian Distribution, which sets its mean
at very low values to model the intial peak of the ISI (Figure 17).

However, when dealing with non-healthy neurons (LRRK2-mutated), the Inverse
Gaussian doesn’t perform as the best model for the curve and therefore the first
Gaussian distribution plays a role in substituting or integrating it.

Lastly, the second Gaussian model shows satisfying results in modeling the tails
of the histograms.

At the end of the modelling phase, the obtained modelled neurons are:

• 173 Healthy Baseline neurons

• 232 Healthy post-stimulation neurons

• 282 LRRK2 Baseline neurons

• 123 LRRK2 post-stimulation neurons

The following tables show the means and standard deviations of the chosen pa-
rameters for the DM models.

The first table only shows the weights assigned to the distributions to compose
the Dirichlet Mixture model. The cells are shown as mean ± standard devation.
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From this initial peek to the obtained values, it is possible to observe some of the
aspects that will be discussed later on, as pertains to the differences in the chosen
mixture of curves between the control networks and the LRRK2-mutated ones. It is
already clear that the prevalent model in the control networks is the Inverse Gaussian
and that the second Gaussian distribution is almost non existent.

On the other hand, the mutated networks, are predominantly modeled by the
first Gaussian curve and in equal parts by the Inverse Gaussian and second Gaussian
models.

As it has been reported in the State of the Art section, the ideal healthy neuron is
modeled just by the Inverse Gaussian model. Therefore, as will be discussed in the
following sections, this modeling step highlighted what is reflected in physiological
assumptions and observations.

Table 1: DM model weights

Population W1 (IG) W2 (Gaussian1) W3 (Gaussian2)

Healthy BL 0.654± 0.2094 0.3395± 0.2040 0.0065± 0.0274

LRRK2 BL 0.2922± 0.1131 0.4944± 0.1163 0.2134± 0.1040

Healthy Stim. 0.7854± 0.1757 0.2146± 0.1757 0.0000± 0.0000

LRRK2 Stim. 0.2659± 0.1217 0.5063± 0.124 0.2279± 0.1200

The second table shows the means µ1, µ2, µ3 and shape parameters λ1, σ2, and
σ3.
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Lastly, the following graphs show an example of a control neuron during baseline
activity, with the DM model’s Probability Density Function and the overlap of the
Cumulative Density Functions.

Figure 17: PDF on ISI
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Figure 18: CDF Plot
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Figure 19: KS Plot
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4.3 Binary Classification

Lastly, once features on single neuron behaviors are obtained through the Point
Process model, two classification tasks are performed.

• A 2-class classification to predict whether the baseline neural activity shows a
healthy pattern or a pathological one

• A 4-class problem to classify whether the activity is healthy or pathological and
whether it has received the chemical KA stimulation.

Several classifiers were trained and tested, and all showed excellent performances
on numerous metrics.

In order to choose the best performing model, 4 metrics were evaluated. The
one model that showed the maximum value for every evaluation parameter was the
Support Vector Machine model.

Therefore, the classification results were satisfactory for the binary problem with
the Support Vector Machine Model (Accuracy of 99% and ROC AUC of 99%).

Table 3: Classifier Performance: Binary

Classifier Accuracy Recall Precision ROC AUC

Decision Tree 0.977 0.969 0.988 0.971

Logistic Regression 0.974 0.963 0.987 0.998

Random Forest 0.977 0.969 0.988 0.9992

Support Vector Machine 0.99 0.988 0.994 0.9994

The most influential feature in this classification was µ1, followed by w3. The
first represents the positioning of the Inverse Gaussian distribution, which, as it was
pointed out at the end of Section 4.2, is more prevalent in control networks and
used to model the intial characteristic peak. Secondly, w3 was highly disriminant
parameter as it was on average null in the control networks, and it was instead used
to model the tail in the mutated neurons.

Furthermore, the confusion matrix shows the great classification performance of
the classifier and shows a slightly worse performance on the LRRK2-mutated neurons
to detect their true population.
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Figure 20: Binary Classification Feature Importance.

Figure 21: Binary Classification Confusion Matrix.
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4.4 4-Class Problem

The 4-class problem showed room for improvement (with best accuracy of 77%)
with the Random Forest Classifier. It seems that the model has some difficulties in
recognizing between baseline and post-stimulations activities within the populations.

Figure 22: 4-Class Classification Confusion Matrix.

In this classification problem, the most influential feature was w3, followed by µ1
and w1.

These parameters proved to be influential especially in the binary classification,
namely to distinguish between the populations. From this additional step, it is
evident that they were fundamental also for the status classification.

Similarly to the binary classification, several models were evaluated to choose the
best performing one. In the following table 5 metrics are reported, plus a so-called
Average Score, computed by averaging the 5 scores.

For every metric, the top two classifiers are highlighted and the one with the most
counts is chosen. The Decision Tree Classifier and the Random Forest Classifier were
the ones with the most top metrics.

Ultimately, the Random Forest model was chosen as the Average Score was slightly
higher.
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Figure 23: Feature Importance.

Table 4: Classifier Performance: 4-class

Classifier Accuracy Recall Precision F1 score ROC AUC Av.score

Dec.Tree 0.743 0.672 0.684 0.673 0.879 0.73

Log.Reg. 0.698 0.584 0.766 0.553 0.911 0.703

Ran.For. 0.767 0.679 0.683 0.66 0.953 0.748

SVM 0.728 0.617 0.563 0.564 0.918 0.678
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4.5 Summary of Results

In conclusion, the obtained neurons and their respective Average Firing Rates (AFR)
are:

• 173 Healthy Baseline neurons with 19 Hz AFR

• 232 Healthy post-stimulation neurons with 28.5 Hz AFR

• 282 LRRK2 Baseline neurons with 6.7 Hz AFR

• 123 LRRK2 post-stimulation neurons with 5.8 Hz AFR

The parameters obtained to delineate the optimal Dirichlet Mixture Model of
one Inverse Gaussian (w1) and two Gaussian distributions (w2, w3) show significant
inter-population separation, but lack comparable separation within each population.
The table and graph below are useful to summarize this phenomenon, as they report
the average weights assigned to each curve.

Table 5: Healthy DM model weights

Population Healthy BL Healthy Stim

w1 0.654 0.7854

w2 0.3395 0.2146

w3 0.0065 0.0000

Table 6: LRRK2-mut. DM model weights

Population Healthy BL Healthy Stim

w1 0.2922 0.2659

w2 0.4944 0.5063

w3 0.2134 0.2279

The classification results are reported below.

Table 7: Classification Results

Classifier Accuracy Recall Precision ROC AUC

Binary (SVM) 0.99 0.988 0.994 0.9994

Multi-class (RF) 0.767 0.679 0.683 0.953
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Discussion and Conclusion

Results

Spike Sorting

At the end of the spike sorting, the firing rates of the two populations - healthy vs
genetically mutated - are greatly different. For the control networks, the mean firing
rate is 23Hz, and in the case of the mutated networks, the mean mutated firing rate
is 6Hz.

Figure 24: Boxplot of Firing Rates.

In this analysis, it is particularly interesting to study the differences between the
activities in the two status of the networks.

As shown below, before and after stimulation with Kainic Acid, the value of the
mean firing rate in the two types of populations have completely opposite behaviors.

On the one hand, the control populations show a greater activity after the net-
works have been stimulated; on the other hand, the mutated networks show a slight
decrease in firing activity after the stimulation process.

Another notable aspect about the spike sorting results is that, on average, the
algorithm detects one neuron per channel.

This is likely to be a flaw of the algorithm, and it is reported to be a limitation
of other existing spike sorting algorithms, as it was mentioned in the State of the
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Figure 25: Firing Rates.
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Art section. As reported in Section 2.7, it is likely that the number of detected
neurons is lower than the true number and it is caused by the presence of silent
neurons. Its improvement is limited by the lack of metrics to evaluate the spike
sorting performances.

As a result, the total number of detected neurons are: 464 control neurons (232 in
baseline, 232 after stimulation) and 543 LRRK2-mutated neurons (377 in baseline,
166 after stimulation)

Point Process Model Features

The obtained neurons are then modeled with a Dirichlet Mixture Model, composed
of 3 distributions, that are defined by a number of parameters chosen within a pre-set
range to be the optimal descriptors of the data.

The models are evaluated with the KS score which computes the vertical distances
between the to-be-modeled data and the chosen model.

By analysing the distribution of the KS distance values, the following conclusions
are drawn.

The KS distance is on average> 0.15 when the neuron carries the genetic mutation
of LRRK2, and is < 0.15 when the neuron is healthy.

This means that the model performs better when the neuron belongs to the
healthy population.

Figure 26: Boxplot of KS distances.
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Upon closer inspection, it is noteworthy to observe the contrasting phenomena
following chemical stimulation in the two types of populations. As it is illustrated,
the model performs better on stimulated control neurons rather than on their baseline
activity. On the contrary, the KS distances increase in value when the LRRK2-
mutated neurons have undergone stimulation, as opposed to before they have.

Figure 27: Boxplots of KS distances.
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Classification

Once the ISI distributions’ parameters are estimated, the classification tasks are the
following:

• Binary Classification: classifying neurons belonging to the LRRK2-mutated
populations versus to the control networks

• Multi-Class Classification: classifying neurons into 4 classes of type of popula-
tion and activity status (control networks vs. LRRK2-mutated networks and
baseline activity vs. post-stimulation activity)

The first classification problem showed great performances with all classifiers,
with the Support Vector Machine yielding the best metrics. Every classifier showed
an accuracy and a ROC AUC higher than 97%. The best performing model had an
accuracy of 99% and a ROC curve of 99%.

Upon features’ importance inspection, it is easily observed that the most influen-
tial parameter is µ1, which is the Inverse Gaussian distribution’s mean. The following
plots show that the values of µ1 for the control populations are lower than those of
the LRRK2-mutated populations.

This means that in the case of the control networks, the Inverse Gaussian in
centered at low frequencies, where the characteristic peak of the neuron’s response
is located.

Figure 28: Boxplot of µ1.

Alongside this analysis, it’s also important to note the differences in ranges of
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w1 which represents the weight assigned to the IG distribution. From the graphs,
it can be deduced that control networks are best modeled by a predominant Inverse
Gaussian distribution centered at low frequencies. On the other hand, LRRK2-
mutated networks have a less influential IG distribution, which doesn’t serve the
purpose of modeling the main initial peak at the neuron’s characteristic frequencies.

Figure 29: Boxplot of w1.

Aside from the best performing classifier, every Machine Learning model used
show great accuracy. From analysing the other models’ most important features we
can appreciate the discriminatory power of the parameter w3, which is the weight of
the second Gaussian distribution.

As it has been described, the first Gaussian and the inverse Gaussian distributions
are used to model the data at low frequencies, between 0 and 0.2.

The second Gaussian distribution is used to model the tail of the data’s distribu-
tion, from 0.2 to 0.6.

As expected from what the state of the art reports, a healthy functioning neuron is
best modelled by a pure Inverse Gaussian distribution. However, from our analysis,
we observe that while the control neurons are mainly modeled by the IG distribution,
which is supported by the value range of w1, the LRRK2-mutated population yields
very different results.

The control neurons have a mean value of w3 of 0.00. Most mutated neurons are
modelled by the two Gaussian distributions and have a rather substantial value of
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Figure 30: Boxplot of w3.

w3, which models the higher frequencies.
This is visible also by analyzing the pdf computed by using the mean values of

every parameter.
Clearly the two distributions of baseline and after-stimulation activity of control

neurons resemble an IG distribution. While the other two distributions show a lower
peak and a greater tail, which explains the higher values of the weights for the second
Gaussian distribution.

This last plot, evidently shows two aspects of the classification problem. Firstly,
it highlights the great difference between the control distributions and the mutated
distributions, and secondly, it shows the similarities between the baseline activity
and the post-stimulation activity inside the two populations.

This brings us to the last phase of the results, which are those obtained from the
4-class classification problem.

A multi-class model was developed to recognize whether or not the neuron is
healthy vs. genetically mutated and whether is it before vs. after a chemical stimu-
lation. This classification reaches a value of accuracy of 76%.

A close analysis of the confusion matrix, allows us to see that the main challenge
is distinguishing between baseline and post-stimulation activities within the same
populations.

By inspecting the features’ importances, it can be observed that the three most
influential features for the model’s classification are: w3, µ1, w1.
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Figure 31: Mean-valued Distributions.

Figure 32: Feature Importance.
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Starting from the feature that is most important in the binary problem and in
the multi-class problem, we find that w3 shows very little difference between the two
phases of activity when belonging to the same type of neuron population.

Figure 33: Boxplot of w3.

Secondly, the distributions of the mean of the IG curve (µ1), shows a bit more
disparity between intra-population distributions, although is still far from optimal.

Lastly, the parameter w1, which indicates the weight assigned to the Inverse Gaus-
sian distribution, shows a great difference in distribution between control networks
and mutated networks.

Moreover, the distribution of the control network in pre- and post-stimulation
phases have different ranges and means.

However, in the mutated networks, the ranges of the parameter’s distributions are
almost identical and with very close means.

This lack of differences between intra-network distributions is what represents
the greatest challenge for the classification problem, and is likely what prevents the
model to achieve performances as satisfactory as in the binary problem.
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Figure 34: Boxplot of µ1.

Figure 35: Boxplot of w1.
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Methodological Innovations and Limitations

The study presented herein builds upon the foundational work laid out by Riccardo
Levi, aims to enhance and refine the existing framework. Similarly to Levi’s work,
our approach integrates signal processing techniques, Bayesian classification, and
machine learning methods to develop a comprehensive pipeline for processing, mod-
eling, and classifying raw MEA data into 2 and 4 classes. While the work up until
now focused on the specific application of recognition between control versus G2019S
LRRK2 genetic mutation, the pipeline presented has the potential applicability to
broader contexts.

By critically engaging with Levi’s research, this thesis aims to expand upon its
insights and address its limitations. The following bullet points highlight the key
improvements and advancements made in this study:

• Enhancement of the Spike Sorting algorithm through targeted refinements, in-
cluding limiting the analysis on axonal signals, implementation of windowed
thresholds in spike detection, optimization of spike selection during extraction,
and exploration of alternative clustering methods.

• Improvement of Point Process Modeling by fine-tuning the parameters’ distri-
butions to better capture the underlying dynamics.

• Enhanced Classification phase outcomes through the refinement of data process-
ing techniques and identification of classifiers yielding more satisfactory results.

Through these enhancements, our study not only builds upon Levi’s foundational
work, but also contributes to the advancement of methodologies in the field, offering
more robust and adaptable solutions for the analysis of MEA data.

Our spike sorting algorithm, like many others, holds areas for enhancement. Pri-
marily, the prevalent occurrence of only one detected neuron per channel suggests
an underestimation of the actual neuron count—a frequent challenge in existing al-
gorithms. This discrepancy arises from silent neurons’ presence and the inherent
imperfections within spike sorting techniques.

Moreover, while our comprehensive pipeline, encompassing spike sorting, point
process modeling, and classification, yielded promising and satisfactory results, op-
portunities for refinement exist and could prove to be beneficial for this study and
others, which brings us to the next and last point.

Exploring alternative classification scenarios beyond our current focus, of control
versus LRRK2-mutated samples, could further help us understand the versatility
and robustness of our approach.

68



5 DISCUSSION AND CONCLUSION

Physiolopathological Findings

This thesis has delved into the intricate relationship between the G2019S mutation in
the LRRK2 gene and Parkinson’s Disease (PD), leveraging advanced neurotechnology
and computational methodologies to dissect the underlying mechanisms of neurode-
generation. Through the utilization of Microelectrode Array (MEA) technology and
analytical approaches, we have characterized the aberrant neuronal activity patterns
associated with the LRRK2 mutation, shedding light on potential pathophysiological
pathways implicated in PD progression.

The raw MEA recorded data is filtered, and processed so as to extract an initial set
of peaks considered to be plausible spikes. Afterwards, the peaks and their respective
spikes are evaluated and selected so as to select the best set of spikes. Lastly, they
are clustered with the k-means clustering method to find the configuration with the
optimal silhouette score.

The extracted singular neuronal activities are then modeled with a Mixture Dirich-
let Model, composed of an Inverse Gaussian at very low values and a Gaussian dis-
tribution on the same range, plus a Gaussian distribution at higher values.

Since the Mixture Dirichlet Distribution selects the optimal weights to assign to
each distribution, we can observe from our findings that the healthy neurons show
greater Inverse Gaussian weights, while genetically-mutated neurons show lower IG
weights and higher Gaussian weights.

Figure 36: Inverse Gaussian Weight.

This is likely related to the effects of the G2019S LRRK2 mutation, which, due
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to its connection with the regulation of neuronal well-being, translates into mal-
functions and delays in responses when the gene is altered. Moreover, it is evident
that the stimulation with KA, aimed at inducing and observing the neurotoxic ef-
fects on neuronal behavior, causes the Inverse Gaussian Distribution to perform less
effectively on genetically mutated neurons following the stimulation.

This is evident both in the changes in the mean firing rates and in the models
chosen for the data before and after the process.

The following graph illustrates the evolution of the relative firing rates before
and after the KA stimulation. The graph is contructed as follows, the initial point
represents the ratio between the baseline mean firing rate (BLMFR) value and itself
in both types of populations, so it is located at 100%.

Although the two points are both located at 1 (100%), that does not mean they
are obtained from the same computations, as the red dot represents the ratio between
the control BLMFR value and itself, while the blue dot represents the ratio between
the mutated networks’ BLMFR value and itself.

The second points represent the relationship between the post-stimulation firing
rate mean value over the baseline value of their respective network.

Figure 37: Relative Firing Rates evolution.

This graph highlights the very opposite effects of Kainic Acid on the two networks
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and is likely related to the predisposition to toxicity caused by the G2019S mutation
of LRRK2.

As a result of the neurotoxic effects of the stimulation, another change in the
genetically mutated networks can be observed.

Analogously, the weight assigned to the Inverse Gaussian distribution in the
Dirichlet Mixture model, is affected by the status of the neuron but shows oppo-
site behaviors for control and mutated populations.

On the one hand, for the control networks, the parameter w1 starts with a rather
influential mean value of 0.65 in the baseline phase, and increases in the post-
stimulation phase to almost 0.8. This means that the average Dirichlet Mixture
model is predominantly described by the IG curve and more so after the stimulation.

On the other hand, the LRRK2-mutated networks start off with a low value
of w1 in the baseline phase, meaning that the data is modeled by mainly one or
two Gaussian distributions and only in a smaller part by the Inverse Gaussian one.
Furthermore, the stimulation causes the neurons’ activities to drift away even more
from the theoretical ISI curve and lose the IG curve component.

Figure 38: Evolution of w1.
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Figure 39: Distributions of w1.

Conclusion

This study aimed at constructing a comprehensive pipeline for analyzing raw MEA
recordings from specific in-vitro neuronal populations. It involved the development
of robust Point Process models for Inter-Spike Intervals and subsequent classification
based on population and activity status.

The models revealed significant differences in the distributions of variables (w1,
µ1, w3) between populations. This discrepancy underscores two key observations:

• The control population closely aligns with an almost “pure” Inverse Gaussian
model, consistent with the theoretical framework outlined in the background.

• Post-stimulation activity demonstrates divergent trajectories in the two popula-
tions, suggesting a potential disruption in neuron functioning due to the genetic
mutation.

While the classification step yielded satisfactory results, the procedures under-
taken also provided insights into expected physiological phenomena. These findings
were evident within the statistical information gathered throughout the study.

In conclusion, this work not only achieved its primary objective of modeling and
classifying neural activity, but also contributed to a deeper understanding of neuronal
dynamics and behavior.
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