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Resumo

O cérebro humano ¢ uma das mais fascinantes, ainda que em grande parte inexplorada, estruturas
no universo. A sua notavel complexidade estrutural e funcional ¢ o resultado de um longo processo
evolutivo quer a nivel celular quer ao nivel da organizagdo dos circuitos neuronais. O
estabelecimento do sistema nervoso — e, em particular, do cérebro humano — requer uma
coordenacgdo rigorosa de uma série de eventos moleculares e celulares nas diferentes fases do
desenvolvimento neuronal. A formagdo de redes intrincadamente organizadas de ligacdes
sinapticas entre diversos tipos de neurdnios ¢ um passo fundamental neste processo. Estes
agrupamentos de neurdnios sdo cruciais para a representacao de informacdo no sistema nervoso,
e a sua crescente complexidade traduz-se em extraordinarias capacidades computacionais que
sustentam fung¢des cerebrais superiores: perce¢do, cognicdo, emocdo e acdo. Desvendar a
conectividade dos circuitos neuronais fornece informagdes preciosas sobre os mecanismos que
suportam estes processos neurofisioldgicos. Técnicas avangadas de neuroimagem e ferramentas
de eletrofisiologia tém possibilitado grandes avangos neste campo. Com este trabalho, visa-se o
desenvolvimento de um novo método de inferéncia de conectividade neuronal em tempo real. Um
novo algoritmo de analise computacional baseado em métricas de correlagdo permite
continuamente inferir e atualizar as ligacdes entre elementos neuronais a partir de sinais
eletrofisiologicos a medida que estes vao sendo obtidos. Esta inferéncia de conectividade neuronal
em tempo real tem elevada utilidade em dois contextos complementares: i) em investigacao
fundamental, onde as manipulagdes experimentais (e.g., farmacologicas ou elétricas) a uma
populagdo neuronal passam a poder ter em consideracao a conectividade da rede; e ii) em contexto
clinico, onde potenciais sistemas de neuromodulacdo com multi-elétrodos podem usar informacéo
atualizada da conectividade da rede para desenvolver e adaptar protocolos de estimulacdo elétrica.
O algoritmo foi validado com dados sintéticos de modelos neuronais computacionais, e
posteriormente testado com dados experimentais reais de circuitos neuronais in vifro com
diferentes configuragdes. Os resultados sdo apresentados em representagdes visuais informativas
e intuitivas a partir de implementagdes computacionais especificamente desenvolvidas para este
efeito. Esta dissertagdo tem o potencial de aprimorar a compreensdo de circuitos neuronais, e abre

novas oportunidades para abordagens baseadas na informag@o de conectividade em neurociéncia.

Palavras-chave: analise em tempo real, atividade eletrofisiologica, conectividade, correlagdo,

matrizes de microeléctrodos, modelos computacionais neuronais, redes neuronais biologicas.
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Abstract

The human brain is one of the most fascinating, yet still largely unexplored, structures in the
known universe. Its remarkable structural and functional complexity is the product of a long
evolutionary process at both the cellular and network levels. The precise wiring of the nervous
system — and, in particular, of the human brain — requires a tight coordination of a series of
molecular and cellular events at the different stages of neural development. The formation of
intricately organized networks of synaptic connections among diverse neuronal types is a
fundamental step in this process. These neuronal assemblies are crucial for the representation of
information in the nervous system, and their increasing complexity translated into extraordinary
computational capabilities that support higher brain functions: perception, cognition, emotion and
action. Unravelling the connectivity of neuronal circuits provides valuable insights into the
mechanisms behind these neurophysiological processes. New high-throughput methods,
including advanced neuroimaging techniques and electrophysiology tools, have enabled
significant advances in this field. This work aims at developing a new method for real-time
inference of neuronal connectivity. A novel computational analysis algorithm based on correlation
metrics allows for the continuous inference and update of connections among neuronal elements
from electrophysiological signals as they are acquired. Such real-time inference of neuronal
connectivity has a relevant role in two complementary contexts: i) in fundamental research, where
experimental manipulations (e.g., pharmacological or electrical) on neuronal populations can take
into account the network connectivity; ii) in clinical context, where potential multi-electrode
neuromodulation systems can use real-time feedback from network connectivity to tailor
electrical stimulation protocols. The algorithm was validated with synthetic data from
computational neuronal models, and further tested with real experimental data from in vitro
engineered controlled neuronal circuits. Results are presented in informative and intuitive visual
representations using computational implementations specifically developed for this purpose.
This dissertation has the potential to enhance our understanding of neuronal circuits and opens

new opportunities for connectivity-informed approaches in neuroscience.

Keywords: biological neuronal networks, computational neuronal modelling, connectivity,

correlation, electrophysiological activity, microelectrode arrays, real-time analysis.
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Chapter I

Introduction

Neurons are traditionally regarded as the structural and physiological units of the nervous system.
The neuron doctrine was first introduced by Santiago Ramoén y Cajal in 1891, and it established

the fundamental principles supporting modern neuroscience research for over a century [1].

The intrinsic morphological and electrophysiological properties of neuronal cells are essential for
their assembly into diverse functional neuronal circuits during neural development. However,
recent advances in multineuronal recording techniques have revealed that neuronal dynamics —
and ultimately brain-wide activity — mostly reflect complex direct and indirect interactions among
neuronal and non-neuronal cells [2], [3]. Several studies have investigated putative structure-
function relationships in biological neuronal networks, both in vitro and in vivo [4], [5].
Accordingly, a novel paradigm for neuroscience research suggests that hierarchically organized
neuronal assemblies form physiological units that support the basic neuronal computations
underlying higher-level brain function, and the complex neuronal dynamics emerging from these
neuronal populations are strongly shaped by the patterns of local connectivity, known as network

motifs [6], [7].

The characterization of the structure-function relationship remains a long-standing challenge in
the field of complex dynamic systems, of which the brain is an example par excellence [8].
Current research focuses on understanding how brain function arises from neuronal interactions
at multiple temporal and spatial scales. Neural mechanisms of learning and memory rely on
complex neuronal network phenomena, including the formation of new connections and the
alteration and/or elimination of pre-existing connections [9]. Moreover, aging-related processes
and neurodegenerative diseases have been reportedly associated with profound alterations in
structural and functional brain networks [10], [11]. Brain network measures may help elucidate

the pathophysiological mechanisms of brain dysconnectivity [12], and derive clinically relevant
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connectivity-based biomarkers for the diagnosis, monitoring and treatment of neurodegenerative

diseases and other neurological disorders [13].

1.1 Motivation

The connectome is defined as “a comprehensive structural description of the network of elements
and connections” in the nervous system [14]. Connectomic studies employ advanced
neuroimaging and electrophysiological techniques to reconstruct neuronal circuits across multiple
spatial scales [15]. Computationally informed approaches based on the neuronal wiring diagram
may prove valuable in addressing neuroscience questions that either aim at targeting specific
functionally relevant network motifs, or at precisely manipulating and/or controlling connectivity

patterns in neuronal assemblies [16].

In fundamental neuroscience research, the in vitro study of neuronal dynamics routinely involves
temporal and/or spatial manipulations (e.g., pharmacological studies) that often rests on
(unconfirmed) assumptions on how the neurons may be connected. This limitation also extends
to neuromodulation protocols, which would require a preliminary study on the neuronal network
dynamics to determine optimal stimulation locations and parameters [17]. Neuronal circuits are
manually probed before each experiment to identify target sites that are capable of triggering a
consistent response in the surrounding network upon minimal stimulation; however, this can be a
time-consuming trial-and-error process. Connectivity maps derived from neural recording data
may reveal distinct topological network features that are critically important for the global
function of neuronal circuits. Densely connected hub neurons are thought to play a central role in
information integration due to their high degree of connectivity to other network regions [18].
Single-hub neuron perturbations profoundly impact network-wide dynamics, and thus these
network elements constitute attractive target candidates for neuromodulation [19]. Moreover,
neural plasticity phenomena occurring over a range of time scales can significantly affect the
neuronal network dynamics, and thereby require adaptations to the stimulation protocol in

response to changes in the underlying network topology.

In clinical neuroscience research, a new generation of implantable neurostimulation devices with
neural recording capabilities is opening new avenues towards adaptive closed-loop therapies for
neurological disorders [20]. Deep brain stimulation (DBS) is an established symptomatic
treatment for common movement disorders (MD), such as Parkinson’s disease and essential
tremor, and other neuropsychiatric conditions. Conventional DBS (cDBS) technologies deliver
continuous fixed-parameter electrical stimulation to target brain structures regardless of the
ongoing neuronal activity [21]. Although the precise physiological mechanisms underlying the

effectiveness of DBS remain poorly understood, the “disruption hypothesis” suggests that
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electrical stimulation interrupts pathological information flow between connected brain regions,
producing similar therapeutic effects to neurosurgical lesioning [22]. Adaptive deep brain
stimulation (aDBS) is emerging as a promising neuromodulation therapy for designing data-
driven stimulation protocols using real-time feedback from physiological measures linked to
pathological states — biomarkers [23]. Besides providing insight into the pathological features of
neurological disorders and the therapeutic mechanisms of action of DBS, patient-specific
connectivity profiles of local microcircuits may serve as effective biomarkers to guide

neuromodulation therapies and, ultimately, improve short- and long-term clinical outcomes [16].

Thus far, developed neuronal connectivity inference algorithms have focused on offline
estimation, i.e, after the data acquisition is completed. However, the above-mentioned scenarios
would benefit from an online implementation that enables monitoring network topology in real-
time, continuously updating the estimates as new data arrives. Indeed, inferring neuronal
connectivity in real-time has the potential to drive fundamental and translational research studies

in the field of neuroscience.

1.2 Challenges

Reconstructing neuronal circuitry is not a straightforward task. Correlation-based metrics and
information theory concepts are extensively used to characterize connectivity in biological
neuronal networks [24], but a detailed description of the neuronal wiring diagram at cellular
resolution is still lacking in most of the approaches. Also, different methods are based on different

concepts, and its interpretation and comparison are therefore challenging.

The high dimensionality of neural recordings is a major problem in the analysis of such data.
Although new electrode technologies provide distinctive information on the nature of neuronal
circuits with an unprecedented spatiotemporal resolution, computational analysis methods
struggle with efficiently keeping up with these advances as the number of electrodes/neurons
grows. This problem is particularly relevant when considering an online implementation, in which

the results of the analyses have to be provided in real-time.

1.3 Objectives and contributions

The main goal of this dissertation is to implement novel and robust computational analysis
methods for inferring connectivity in biological neuronal networks from
electrophysiological activity (spiking activity) in real-time. The presented framework aims at

detecting and further characterizing interactions between neuronal elements in terms of their
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connection strength, direction, latency, and type (excitatory or inhibitory), and particularly at
deriving detailed neuronal wiring diagrams in real-time. In addition, informative and intuitive
visual representations of connectivity data are proposed herein. This work makes extensive use
of 1) computer simulations of biophysically detailed neuronal models where connectivity is fully
known, and ii) high spatiotemporal resolution electrophysiology recordings using microelectrode
arrays from in vitro neuronal populations with constrained connectivity. Both contexts are used

to develop, validate and test the proposed methods.

1.4 Document structure

This document is organized into six chapters. Chapter I introduces the topic of this dissertation
and outlines the main objectives and challenges of the present work. Chapter II provides a brief
overview of the fundamental properties of neurons, including the neuronal mechanisms
underlying signal generation and transmission in the nervous system and the state-of-the-art tools
for probing neuronal circuits. Chapter III reviews current computational analysis methods for
inferring connectivity in biological neuronal networks from neural activity recordings. The
strengths and limitations of each method are presented. Chapter IV details on the materials and
methodologies implemented in this work, namely how neuronal data was obtained, and the
computational tools used for the subsequent analysis. Chapter V presents the main findings of this
work and discusses their implications. A novel approach to infer connectivity in real-time is
proposed and its strengths and limitations are discussed. Results on synthetic data for validation
are presented, followed by tests on experimental data featuring different network configurations.
Finally, Chapter VI outlines the main conclusions of this work and suggests future research

directions.
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Core concepts on neurobiology

In this chapter, an overview is provided on the structural and functional role of neurons in the
nervous system. The fundamental mechanisms of neuronal information processing and
transmission are briefly described, and the contribution of novel electrode technologies to further

advance our understanding of brain function is discussed.

2.1 Neuroanatomy

Historically, the role of neurons in the nervous system has been a matter of debate in the scientific
community. Early studies on brain organization described the nervous system as a single
continuous network — the reticulum [25]. In 1887, Santiago Ramén y Cajal started investigating
the nervous system using a new staining technique for nervous fibres (“the black reaction™) [25].
Based on his observations, Ramon y Cajal argued that the nervous system consisted of discrete

cellular units and proposed a different viewpoint — the neuron doctrine [1].

A typical neuron consists of three main compartments: cell body, dendrites, and axon. The cell
body, also known as soma, contains the nucleus and coordinates the cell’s activities. Dendritic
and axonal processes both extend from the soma. Electrochemical signals from nearby neurons
are integrated in the dendrites, which form intricately branched structures in the vicinity of the
soma — the dendritic tree. The axon transmits these signals to other target cells and, can vary
substantially in length, ranging from a few millimeters to several meters [26]. The neuronal
polarity emerges from the asymmetrical distribution of structurally and functionally distinct sub-
cellular structures: dendrites and axon. These specialized structures establish the direction in
which neuronal information propagates, from dendrites towards the axon terminals [27]. By
imposing unidirectionality, information can be reliable conveyed along defined pathways in the

nervous system.
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Figure II-1. Cellular diversity in the hippocampus. The morphological diversity of neuronal cells
reflects the complexity of brain function [24].

Although common traits are found across different neuronal types, the most simplistic
representations are unable to capture the morphological diversity displayed by these cells (Figure
II-1) [28]. In addition, physiological, molecular and connectivity-based properties provide
relevant distinguishing features for cell-type classification [29]. The hippocampus is a classic
example of cellular diversity, with more than twenty different types of inhibitory interneurons
described [30]. This remarkable heterogeneity reflects the functional diversity required to regulate
and control cognitive processing in the hippocampus and suggests a close interplay between

cellular and functional diversity in other neuronal circuits.

A fundamental property of neurons is their ability to communicate with other cells. The
transmission of information between neurons primarily takes place in specialized structures called
synapses. Synapses are usually established between the axon terminals of a pre-synaptic neuron
and the dendritic processes of a post-synaptic neuron. Depending on the evoked post-synaptic
response, synapses can be classified as excitatory or inhibitory, whether the membrane is locally
depolarized or hyperpolarized, respectively. Chemical synapses involve the release of
neurotransmitters at the synaptic gap and are the more commonly found in the nervous system,
although electrical synapses based on gap junctions can also be found [31]. These connections are
not immutable over time. Neuroplasticity phenomena are involved in neuronal processes such as
learning and memory formation, where the strength of synapses can be tuned to modify the

relevance of a given connection in the circuit [32].
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For several decades, neurons have been the main object of study in neuroscience. However, other
non-neuronal cells are found in the nervous system, known as the glial cells. Glia, from the Greek
word “glia” meaning glue, are, as the name suggests, key elements for supporting the neuronal

function and maintaining the integrity of the nervous system [33].

2.2 The neuronal membrane

Biological membranes are primarily composed of a double layer of phospholipids. This physical
barrier allows to establish an asymmetric distribution of charge between the inside and outside of
the cell. The charge imbalance generates a difference in electrical potential across the membrane,
known as the membrane potential, V;,, [34]. The membrane potential can be measured by placing
an electrode into a cell and using the extracellular medium as the reference for a second electrode,

with V, = Vi, = Vour-

Membrane proteins embedded in the lipidic bilayer are involved in multiple cellular processes.
Transmembrane channel proteins mediate the passage of ions and other molecules across the
membrane. The mechanisms underlying their function are very diverse, but essentially two types
of channels can be distinguished: non-gated and gated channels. Non-gated channels, also known
as leakage channels, have an approximately constant conductance. In contrast, gated channels
undergo conformational changes in response to different signals, switching between an open and
a closed state. Voltage-gated channels conduct ions according to changes in the membrane
potential and are particularly relevant to signal transmission in neurons. Moreover, ions channels

may exhibit selectivity to distinct ion species, mainly based on their size and charge [35].

The movement of ions through the membrane channels is determined by the electrochemical
gradient for each specific ion. The electrochemical gradient arises from the combined effects of a
concentration gradient and an electrical gradient. When the concentration of a given particle is
higher in one region than in another, a concentration gradient is created. The particles will
naturally move down the concentration gradient, from areas with higher concentrations to areas
with lower concentrations, through a process called diffusion. On the other hand, an electrical
gradient occurs when there is an unequal distribution of charges between two regions. In this case,
ions will drift towards regions with lower potential energy. The membrane potential at which the
diffusion current for a given ion X is balanced by the electrical drift, with no net current across
the membrane, is the equilibrium potential for the ion, Ey, also known as its reversal potential

[36].

The Nernst equation is used to compute the reversal potential of an ion X considering the

concentration, [X], on both sides of the membrane,
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RTl [X]out

Ey = —
X = 2F " X

[1]

where R stands for the gas constant, T is the temperature, in K, F corresponds to the Faraday’s

constant, and z is valence of the ion (z = +1 for both sodium and potassium) [36].

Sodium and potassium ions are key charge carriers to signal generation and propagation in
neurons. At rest, sodium ions are at a relatively higher concentration outside the cells, while a
higher concentration of potassium ions is found within the cells. Thus, sodium tends to move into
the cells, driving the membrane potential towards its equilibrium potential, Ey, = +50mV, and
potassium tends to diffuse out of the cells, until its equilibrium potential, Ex = —70mV is
reached. The differences in concentration across the membrane for these ions are maintained by
Na/K" pumps. These active transporters use ATP to move ions against their concentration
gradient, exchanging 3 intracellular sodium ions for 2 extracellular potassium ions. Different ions
contribute to the resting membrane potential, E,,,, which typically is around —70 mV. This value
is closer to the potassium equilibrium potential since, at rest, the permeability of potassium

channels is significantly larger than for other channels [36].

Considering an infinitesimal patch of membrane, two parallel effects can be distinguished: the
membrane capacitance, C,,, and the membrane resistance, R,,. Biological membranes act as
electrical insulators, enabling the separation of charges on both sides of the membrane. This
property can be described by a capacitor, with a capacitance C,, = Q/V,,, where Q is the
accumulated charge and 1}, is the membrane potential. The resistance of the membrane to the
flow of an ion X can be modelled as a constant resistance, Ry, in series with a voltage source
equal to the corresponding equilibrium potential, Ey. For a given ion, when the current across the
membrane is zero, the membrane potential equals the equilibrium potential of the ion. The
equivalent membrane resistance, R,,, accounts for the individual contributions of each ion. The
passive properties of neuronal membranes can be represented by the simplified electric circuit in

F, where E,,, corresponds to the resting membrane potential [36].

The passive membrane model is a simple resistor-capacitor (RC) circuit (Figure I1-2). The current
across the membrane, I,,,, is given by the sum of currents through the resistor and into the
capacitor, I, = I + I. At rest, I,;, = 0. When a perturbation is introduced, for instance, in the

form of an injected current, I,
Iinj =IR+IC [2]
Based on the current-voltage relation for a resistor and a capacitor,

dVin (8)

Linj(t) = — (Vi (t) — Ep) + (]mT

1
Rin
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Figure II-2. Equivalent circuits for a patch of neuronal membrane. On the left, the passive
properties of the neuronal membrane are represented. On the right, the equivalent circuit
considering the active properties of the membrane is shown.

Solving the first order differential equation for a constant current /[,

t

Vm(t) =V + (Voo - VO)e Tm [4’]
where V;, is given by Vi, = Ey + Ryplinj, Vg is the initial membrane potential, and 7, is the
membrane time constant, expressed as 7,, = R,,C,,. From Equation 4, the membrane potential,

Vi, decays to a new value, V., as a function of the injected current with a time constant equal to

Tin-

The circuit model in Figure II-2 can be extended to consider the spatial component for the
propagation of perturbations along the membrane. Individual circuits corresponding to membrane
patches can be combined in series to derive the cable equation and model the membrane potential
in time and space. Besides the membrane time constant, this representation also includes a space

constant, relating the attenuation of the signal with the distance to the origin of the perturbation.

Passive properties are insufficient to support effective signal propagation along neurons [36]. In
1952, Hodgkin and Huxley proposed a mathematical model to describe the mechanisms
underlying signal generation and transmission in the giant squid axon [37]. The squid axon
represented a suitable model system to study these mechanisms given its unusually large diameter,
facilitating its manipulation during electrophysiological experiments. Although the model was
derived from the dynamics exhibited by the squid giant axon, it provided the foundations for

subsequent studies with other animal models.

The Hodgkin-Huxley (HH) model relies on the activity of voltage-gated channels. These protein
complexes alter their conformation in response to local changes in the membrane potential,

affecting the membrane permeability to different ion species. In their experiments, Hodgkin and
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Huxley elucidated the role of voltage-gated channels by clamping the membrane potential at

various levels and isolating the dynamics of sodium and potassium ions [37].

Voltage-gated channels are characterized by two fundamental states: an open state, in which their
permeability is increased, and a closed state, in which the passage of ions is significantly reduced.
The transitions between these two states can be described by the rate coefficients a and 5, where
a is the rate constant determining the transition from the closed to the open state, and f
corresponds to the opposite transition. These coefficients are voltage-dependent and allow to
express the fraction of open channels, x, as a function of the membrane potential and time.

S =) -0~ V) x,  X=mnh 5]

where m and n are the activation variables for sodium and potassium ions, respectively. Besides
activation, in which ion channels are activated when the membrane potential increases
significantly, sodium channels are governed by a second gating variable, h. This variable
describes the inactivation of sodium channels following the membrane depolarization, with an

opposite effect to the one related with the gating variable m [36].

Considering the gating variables, the conductance, g, for a specific ion can be expressed by

combining the conductance of all the respective open channels,
Ina = Gygm*h [6]
gk = gxn* [7]

where g, ~and g, are the maximum conductance for sodium and potassium channels,

respectively. The exponents were derived by fitting the model to the experimental data. Later
studies revealed how these values were in fact related to the number of subunits that compose

each ion channel [36].

The ionic current, Iy, for a given ion can be calculated as

Iy = gx (Vi — Ex) [8]

where the difference between the membrane potential and the equilibrium potential of X
corresponds to the so-called driving force. When these two quantities are equal, the net current
across the membrane is zero. The contributions of the sodium and potassium currents, along with
the membrane capacitive component and a constant leakage conductance, allow to describe the

membrane current, I;;, as a function of the membrane voltage, V,,, and time.

v,

Iinj = gNamSh(Vm - ENa) + gKn‘L(Vm - EK) + gL(Vm B EL) * Cm? [9]
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The equivalent circuit is represented in Figure I1-2.

This mathematical model provides a detailed description of the temporal sequence of events
involved in the initiation and propagation of action potentials. When the membrane potential
exceeds a certain voltage, sodium channels are activated, and sodium ions flow into the cell. As
more sodium ions cross the membrane, the membrane potential is driven towards its reversal
potential. The delayed activation of potassium channels causes a decrease in the membrane
potential with potassium ions leaving the cell. Moreover, sodium channels are inactivated, further
contributing to the repolarization of the membrane. The membrane potential then decreased below
the resting potential, and slowly returns to the resting potential. The refractory period of neurons
ensures the unidirectionality of propagating action potentials, and is a consequence of the

inactivation of sodium channels.

2.3 Probing neuronal function

The latest advances in electrophysiology and optical imaging techniques are paving the way for
increasingly advanced studies on the architecture and dynamics of biological neuronal networks.
By combining single-cell and millisecond resolution, novel neurotechnologies allow to precisely
monitor and manipulate neuronal activity, both in vitro and in vivo [38]. Electrophysiological

techniques are the gold standard for the interrogation of neuronal circuits.

Patch-clamp directly measures intracellular signals at the subcellular level (Figure II-3).
Although it exhibits exceptional signal-to-noise ratio, this method is highly invasive and its use

is limited to a few neurons [39].

Microelectrode arrays (MEASs) can simultaneously record the activity of hundreds to thousands
of neurons by embedding multiple closely spaced electrodes in a single device (Figure I1-3) [38].
These platforms provide a minimally invasive extracellular recording method suitable for long-
term experiments. The intracellular activity of neurons generates extracellular changes in the
electrical charge distribution that are captured by nearby extracellular electrodes. Commercially
available MEAs cover a broad range of applications, featuring different electrode layouts and
spatial densities. Conventional passive MEAs are limited to 256 electrodes with an electrode pitch
in the order of 100 um (Figure II-3 from [40]). Complementary metal-oxide semiconductor
(CMOS) technologies now enable the integration of large arrays of recording electrodes along
with integrated readout circuits on a single chip. Active CMOS-based MEAs can achieve high
spatial resolution by reducing the number of required interconnections between electrodes and

readout channels using multiplexing techniques [41], [42]. Neuropixels high-density probes based
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Figure II-3. Neuronal recording techniques. (A) Tools for probing neuronal circuits are depicted,
including patch-clamp, microelectrode arrays and calcium imaging. (B) A planar 60-electrode
microelectrode array (Multi Channel Systems MCS GmbH, Reutlingen, Germany) is shown;
electrodes are located within the ring. (C) The electrode grid comprises 60 recording electrodes
connected to the respective contact pads (not shown) through conducting wires [40].

on CMOS technology were designed for in vivo recordings across multiple brain regions,
featuring 384 readout channels that can be configured to record from 960 selectable electrodes
[43].

High-density microelectrode arrays (HD-MEAs) pose significant challenges for data analysis
[44]. The high-dimensional datasets generated by modern recording techniques require
outstanding computational processing capabilities to decode brain function from an increasingly
larger number of simultaneously recorded neurons. Spike sorting extracts single-neuron spiking
activity from extracellular recordings based on the characteristic spike waveforms produced by
each neuron [45]. These algorithms are particularly relevant when dealing with high-density
multi-unit recordings since each electrode can capture the activity of several neurons in its
vicinity, and the activity of each neuron can be acquired by multiple nearby electrodes. Therefore,
the growth in the number of recorded neurons calls for more robust and fully automated spike

sorting techniques.

Calcium imaging offers a reliable alternative to the traditional electrophysiological methods
(Figure 1I-3). In the nervous system, calcium signalling pathways regulate various neuronal
processes, including synaptic integration and neuronal plasticity [46]. Fluorescent calcium
indicators capture the intracellular calcium dynamics and provide an indirect measurement of

neuronal activity. Wide-field calcium imaging enables large-scale simultaneous recordings of
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thousands of neurons at the cellular level. However, fluorescence signals lack temporal resolution

to resolve single spike events.

2.4 Summary

Neurons are the basic building blocks of the nervous system. However, the rich repertoire of
neuronal dynamics emerging from neuronal populations is primarily determined by their ability

to communicate with each other and form highly complex and dynamic networks.

Neuronal communication relies on the propagation of electrochemical signals within and between
neurons. The active properties of the neuronal membrane support the initiation and propagation

of action potentials and enables to effectively carry neuronal information over long distances.

In vitro cultured neurons coupled to high-resolution microelectrode arrays (MEAs) represent a
relevant experimental model to study signal transmission in the nervous system and investigate

the fundamental principles governing the organization of neuronal populations.

In the following chapter, computational methods to infer connectivity from neuronal activity
recordings are discussed. These algorithms allow to characterize complex neuronal interactions

and, ultimately, reveal key pathways involved in neuronal communication.
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Connectivity inference

In this chapter, computational methods to infer connectivity in biological neuronal networks are
reviewed, with a special focus on correlation-based metrics. The intuition behind each method is
presented, along with the corresponding strengths and limitations. Moreover, the relevance of pre-

and post-processing steps is briefly discussed.

In neuroscience, connectivity studies address multiple temporal and spatial scales [47], ranging
from less than one millisecond and a few micrometres, at the synaptic level [48]-[50], to years
and several centimetres, for circuit-level processes [S51]-[53]. Depending on the research
question, connectomes can be studied at the microscale between individual neurons, at the
mesoscale within and between local neuronal populations, and at the macroscale across the whole
brain [47]. The characterization of neuronal dynamics across multiple scales provides further
insights into the complex associations between brain processes, occurring over months to years,
and electrophysiological findings with subcellular resolution. Brain connectivity is evaluated at

three distinct levels: structural, functional and effective connectivity [15], [24].

Structural connectivity, or anatomical connectivity, corresponds to the physical connections
between neuronal elements (Figure I1I-1) [15]. Synapses are the anatomical structures that
mediate the interactions between neurons. Although these connections are relatively static over
short time scales, structural plasticity is particularly relevant during development and learning
processes [32], [54], through the physical deletion and creation of synapses. Structural maps
obtained with electron microscopy are able to capture connections at the subcellular scale; in [55],
the complete nervous system of the nematode Caenorhabditis elegans, composed of 302 neurons,
was described for the first time. However, this task becomes impracticable for large-scale

neuronal networks featuring thousands of neurons [56].

15
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Figure III-1. Types of connectivity. (A) Structural connectivity. (B) Functional connectivity. (C)
Effective connectivity.

Functional connectivity refers to the statistical dependence between the activity of two neuronal
elements [15]. Two units are functionally linked if the activity in one of them influences the
probability of firing of the other, without considering any causal effects. Functional connectivity
maps are derived from neuronal activity recorded using electrophysiology techniques [57] and
neuroimaging methods, such as calcium imaging [57], [58] and fMRI [52]. Synaptic plasticity
refers to the adaptation of synaptic efficacy between neurons depending on the neuronal activity
level [54]. By encoding the extent of interaction between pairs of neurons, functional

connectomes are able to capture these changes in synaptic strength.

Despite the points of communication provided by synapses, a physical connection does not always
translate into a functional interaction, and vice-versa (Figure III-1). A physical connection may
not be detected when the source neuron exhibits reduced activity, or the target neuron is strongly
inhibited by other neurons [24]. On the other hand, a functional connection between two neurons
that are not directly connected can be inferred if they share a common input or interact through a
third unit [24]. Although there is not a perfect match between structural and functional
connectivity maps, functional connectomes are largely constrained by the anatomical structure,

retaining key features of the architecture of neuronal networks [59], [60].

Finally, effective connectivity describes the interactions between neuronal units as causal events,
where the activity of a given unit directly affects the activity of another unit [15], [61], under a
causal model. Besides the strength, effective connections are characterized by their directionality
and latency: the source and the target units are identified along with the delay associated with
their interaction. In addition, excitatory and inhibitory effects can be distinguished depending on

whether the target unit is triggered or silenced by the source unit, respectively (Figure I1I-1).

3.1 Data processing pipeline

Electrophysiological techniques and neuroimaging methods are the standard approaches to record
neuronal activity [62]. The need for a pre-processing stage prior to connectivity inference depends
on the recording method and the input requirements of the connectivity inference algorithm.

Although voltage time series allow to directly infer networks [63], spike trains are usually derived
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using spike detection algorithms. Spike trains encode neuronal data by preserving the most

relevant information: the neuronal firing timings.

Regarding electrophysiological data, current technologies allow to record neuronal activity with
subcellular resolution. In multi-electrode recordings, a single electrode can capture the activity of
multiple neurons, and the same neuron can be detected by different electrodes. Spike sorting
algorithms are able to separate spikes from different sources [45], and hence connectivity can be
assessed between individual neurons. On the other hand, neuronal activity acquired with
neuroimaging techniques requires the transformation of a temporal sequence of images into a time
series of neuronal activity for each identified neuron. This procedure involves an image
segmentation to identify the regions of interest, followed by the extraction of the fluorescence

time series for each neuron [24].
Generally, the neuronal activity data can be expressed as,
D={x®]i=1..Nt=1,..,T} [10]

where x; (t) refers to the neuronal activity of unit i at time t [24]. The variable x;(t) is continuous

for raw data, whereas it is binary when spike trains are extracted from the data.

After pre-processing, the choice of the algorithm to infer connectivity should consider the level
of detail required for the specific application and the computational resources available.
Connectivity inference methods are broadly classified into model-free and model-based
algorithms based on their mathematical foundations [24]. Model-free methods rely on descriptive
metrics and do not require any assumption on the process generating the data — non-parametric
methods. On the other hand, model-based approaches adopt generative models to reproduce the
dynamics of neuronal networks by fitting the model parameters to the data — parametric methods.
These algorithms provide a mechanistic view of the neuronal dynamics. Moreover, generative
models can be used to simulate neuronal data for model validation [64]. Although model-based
methods allow to model more complex aspects of the neuronal dynamics, the increasing number

of parameters may limit the applicability of these models [24].

The connectivity inference problem can be addressed using different approaches but, ultimately,
each one of these methods yields a N X N connectivity matrix, CM = [ ¢;; ], where N is the
number of neurons, neuronal assemblies or brain regions, depending on the spatial scale, and ¢;;
represents the strength of the connection between any two units i and j. When interactions are
evaluated at the synaptic level, ¢;; corresponds to the synaptic weight between two neurons i and

Jj, and the synaptic weight matrix is derived.
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Figure I1I-2. Connectivity matrix. The corresponding connectivity matrix is obtained for a set of
units (A, B and C). The strength of each connection is color-coded (red for excitatory connections
and blue for inhibitory connections), and their latency is also represented.

Depending on the network inference algorithm, connectivity matrices are able to capture different
levels of detail of the neuronal networks. The value assigned to the strength of the connection,
cij, can either be binary, only providing information on the presence or absence of interaction
between the units, or continuous, containing information on the strength of the connection. The
diagonal elements of the matrix are zero, since autapses (self-synapses) are usually not
considered. Acausal indicators provide symmetric matrices since the directionality cannot be
derived. On the other hand, directed connectivity methods allow to assess the directionality of
connections and identify the reference and target units involved in the connection, and a delay

matrix can be obtained as DM = [ 7;; |, where 7;; represented the delay between units i and j.

These methods result in a square connectivity matrix. Each entry represents the strength between
units. Even when no significant interaction exists, a value is obtained. The question is how
significant connections can be distinguished from non-significant one. Neuronal networks are
known to be sparse connected, featuring more non-significant links. This distribution of weights

can then be obtained, and a thresholding method can be used to differentiate the connections [65].

Different thresholding methods have been described. Hard thresholding is based on the mean and
standard deviation of the distribution of weights, assuming that stronger connections are present
in lower quantity and present significant higher values. Considering all connections is usually not
appropriate since excitatory and inhibitory interactions are assigned different ranges of values.

Therefore, different thresholds are calculated for each type [66].

Density-based thresholding assumes a fixed density of connections, that is, after sorting the
obtained links, only the M strongest connections are kept. This can be misleading since biological

networks are highly variable depending on the level of development and the location [65].

Double thresholding was introduced because some connections may not present high values, but
they are still significant given its neighbourhood. After a first threshold, similar to the one used

in hard thresholding, the rejected connections are further assessed, and a new threshold is obtained
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for each row. If a weight exceeds this threshold, the corresponding connection is considered

significant [65].

More complex approaches to assess the significance of connections can be used, such as shuftling
methods. From the original data, a surrogate dataset is obtained by destroying all correlation
between spike trains when events are randomly relocated. These second matrix can then be used
to compare with the original one, and check if they largely differ. However, this method is
computationally expensive, and the results are not so different from what is obtained with

thresholding methods [65].

3.2 Model-free methods

Correlation and information theory concepts are widely applied in connectivity inference
problems [67]. These metrics provide an estimate of the connection strength based on general

mathematical concepts, without imposing any particular distribution for the data.

Erro! A origem da referéncia nio foi encontrada. and Table I1I-2 summarize the main model-
free methods, highlighting their strengths and limitations. Representative studies are listed for

each method.

3.2.1. Correlation-based methods

Statistical correlation measures the strength of the linear relationship between two random
variables. In the context of network inference, these variables represent neuronal elements such
as neurons, neuronal assemblies or brain regions [68]. A simple correlation between the spiking
activities x; and x; of two units i and j conveys information about the rate of co-occurrence of
spikes. The Pearson correlation coefficient is a commonly used metric to assess functional

connectivity from neuronal data [69], and is defined as,

..
pij = = [11]

VZiiZjj
where X;; is the covariance between units i and j. The coefficient values range from -1 to +1,
where -1 indicates a strong negative linear relationship, which may reveal inhibitory interactions,
+1 denotes a strong positive linear correlation, possibly associated with excitatory interactions,

and 0 implies no linear dependency between units. However, details on the directionality of the

connections are not captured.
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Cross-correlation (CC) estimates the strength of the delayed linear relationship between two units
i and j. The probability of observing a spike event in a target unit, j, at time t + 7, given that a
spike event in a reference unit, i, was detected at time ¢, is assessed by time-shifting x; with
respect to x; by a fixed time delay, T [66]. Mathematically, this is equivalent to the sum of the

product between x; and a delayed version of x;, followed by normalization, as expressed below,

N;
Al
Nil; =

where tg corresponds to the timing of a spike event in x;, and N; and N; represent the total number

Cij(1) = x;(ts)x;(ts — 1) [12]

of spike events in x; and x;, respectively. The normalization approach presented here considers
the total number of events for each unit to obtain an estimate between 0 and 1 [24], [66]. A
normalized cross-correlation of 1 indicates that the firing of an event in i reliably triggers an event
in j, with all the events detected in j being evoked by events in i. Although cross-correlation
considers the spike train history to detect causal events, the time delay, 7, should be carefully
selected to ensure that all the relevant connections are identified. Moreover, excitatory and

inhibitory interactions cannot be distinguished since the output value is always a positive number.

A cross-correlogram allows to evaluate the cross-correlation between two random variables over
a range of time delays, 7. Considering that an event in a given unit j is triggered by an event in
another unit i if the maximum time delay between events is 7., a causality window can be defined
as T = [—7,,T.]- The cross-correlation is computed between a defined reference unit, i, and a
target unit, j, by sliding the activity of the target, x;, relative to the activity of the reference, x;,
across the causality window. The cross-correlogram provides information about the interactions
between i and j in both directions, with positive time delays referring to connections from i to j,

and negative delays corresponding to connections from j to i.

The shape of the cross-correlogram reflects the relationship between the analysed spike trains.
When two units are independent, the cross-correlogram is approximately flat within the causality
window. On the other hand, if an excitatory interaction is present, the cross-correlation is able to
detect an increase in synchrony between spike trains. Therefore, a peak appears at the
corresponding time delay with an amplitude related to the degree of synchronization between the
units. A functional connection is then identified based on the peak value of the cross-correlogram.
A positive delay is obtained when the reference unit triggers the target unit, while a negative delay

is observed otherwise [66].

Inhibitory interactions arise when the activity of a given unit i decreased the probability of firing
of another unit j. These interactions are characterized by a trough in the cross-correlogram across

arange of time delays where no activity in unit j is expected. Network inference algorithms report
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Figure III-3. Cross-correlation histogram. The connection between two spike trains R and T is
evaluated, taking R as the reference train. A causality window is defined around each reference
spike, and target spikes are identified. The corresponding time delays are represented in a
histogram.

a lower sensitivity to inhibition relatively to excitation, mainly due to the low firing rates exhibited
by in vitro neuronal cultures [66], [70]. The inhibitory effect is more readily observed when the

target unit exhibits high baseline activity.

The cross-correlation histogram (CCH) allows to efficiently evaluate the dependence between
two binarized spike trains by directly inspecting the spike timestamps [66]. The time delays
between spikes are obtained and represented in the histogram (F). Besides the causality window,
the bin width of the histogram is defined. Larger bin widths may filter out irrelevant noise in the
distribution, whereas shorter bin widths may reveal more details and estimate the latency of
interactions with more precision. Similar to the previous approach, functional connections are
detected based on the peak value of the histogram. This procedure works well if the considered
units share an excitatory link; however, inhibitory links, represented by throughs in the histogram,

are not detected. A filtered version of the normalized cross-correlation histogram (FNCCH) was

}. [13]

The mean value of the cross-correlation between units i and j is calculated and subtracted from

introduced to address this problem,

FNCCH;; = argmaxr{

1 v=1,
Cij() — Z_TCsz—T Cij(v)

the normalized cross-correlation histogram, and the absolute value is obtained. The mean value
represents the relative frequency of random interactions between the units. By subtracting this

value, positive peaks appear when significant positive correlations are found above the baseline
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level, and decreases in synchrony will be represented by negative values. By taking the absolute
value of the filtered distribution, the largest peak or trough is identified, and the type of connection

(excitatory or inhibitory) is assigned according to the original sign.

Partial correlation was introduced to deal with indirect effects by excluding the influence of all
other units when assessing the strength of the connection between a pair of units [71]. Indirect
effects correspond mainly to polysynaptic connections, where the apparent interaction between
two units is accomplished through a third unit. Another common example of apparent connections
is the existence of a common input, which can be either another unit or an external variable (i.e.,
an external stimulus). However, this method is computationally expensive, and it requires
additional steps to extract more information about the identified connections, such as the latency

and directionality.

The intuitiveness and low computational costs involved in the computation of these correlation-
based metrics are an advantage and that is why they are widely used to tackle the connectivity
inference problem. However, correlation is an intrinsic linear operation and, thus, only linear
relationships between units can be detected. One can question if this is enough to describe such
complex systems as neuronal networks. Although it is certainly not enough, it proves that relevant
information can be extracted using simple tools. In the following sections, methods capable of

capturing non-linear relationships between spike trains are described.

Finally, the values that are attributed to each connection in the connectivity matrix should provide
a clear estimate of the strength of the connection. Establishing a meaningful and widely applicable
range for the computed weights, with improved robustness to background noise and variances in
firing rates, is a key step towards a more generic framework for connectivity inference analysis.
Normalization constants are usually adopted, but they still lack the ability to assign the same

weight to connections where differences rely on factors external to their interaction.

3.2.2. Information theoretic methods

Interactions between neuronal elements can be interpreted as dynamic channels, allowing
information to flow across units. In the information theory field, several metrics were introduced
to quantify the transmission of information in communication systems, which can also be applied
to infer connectivity in neuronal circuits. Information entropy is a core concept in information
theory, providing a mathematical definition to measure the information content of a random

variable. Non-linearities between spike trains can be captured.

Mutual information (MI) measures the mutual dependence between variables, such as spike trains.

In other words, it can be interpreted as the amount of information that can be extracted from a
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random variable by observing another random variable. In the context of connectivity inference,
this means that we can predict the activity of a given unit by observing other units within the
network. However, this is a symmetric metric, thus, unable to identify the directionality and

latency of interactions [24].

The joint entropy (JE) of two random variables can be used to infer connectivity between two
units by testing whether a reference unit is a cause of activity in a target unit. The cross-inter-
spike-intervals (cISI) distribution is obtained, and the joint entropy is computed as the entropy of
the histogram. The lower the JE value, the stronger the connection between the considered units
since the distribution presents a sharper peak, possibly related with a functional connection.
Although it provides a different approach to solve the connectivity inference problem, JE presents

the same issues as MI [24].

All the approaches above are only able to estimate the strength of the dependence between two
units. In order to extract more information about these interactions, transfer entropy has been
recently adopted since it allows to detect causal relationships by considering the spike train
history. Transfer entropy (TE) is defined as a measure of flow of information between two random
processes. However, this metric only considers as past history the immediately preceding time
bin. Some variations of TE have been implemented in an attempt to include more information
about the past activity. Delayed transfer entropy (DTE) considers a delayed version of the source
signal for the computation. Still, only a past time bin is considered. High order transfer entropy
tries to include more information at a higher cost by taking into account multiple time bins in the
past. Although more information can be extracted using transfer entropy concepts, this metric is
still not able to distinguish excitatory and inhibitory connections or identify indirect effects [72],

[73].

Similar to correlation-based approaches, information theoretic concepts rely on the individual
assessment of each possible combination of units. As the number of electrodes increase, these

analyses can rapidly become impractical. Also, the range of values is not fixed.

3.2.3. Supervised learning

A new interest in supervised learning approaches to tackle the connectivity inference problem has
arisen with the emergence of deep learning networks capable of dealing with the increasing
number of electrodes available for recording. However, the requirement for a ground truth to train
these models hamper the application of these strategies since the processes to generate labelled
data is tedious and almost impractical for large-scale neuronal networks. The potential of these
approaches can be explored by taking advantage of simulated in silico networks, for which the

structural connectivity matrix is known a priori [24].
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3.3 Model-based methods

Generative models are obtained from raw data to reproduce the dynamics of neuronal circuits. A
more or less realistic model of the network is obtained and information such as connectivity
inference can be extracted by observing its behaviour [24]. However, such model-based

approaches require to impose a model for the generation of data, which is usually not known.

3.4 Graph theory

Neuronal networks can be described by weighted directed graphs G = (V,E), where V corresponds
to the set of nodes (neuronal units, in this case) in the network and E is the set of directed
connections between the units. Each connection is assigned a weight based on the strength of
interaction between nodes. These values can also be represented in an adjacency matrix, which

corresponds to the connectivity matrix [74].

Assuming a graph representation, a number of metrics can be extracted to characterize the

architecture of networks.

The cluster coefficient is one of the most commonly used metrics and, for each node, is obtained
by computing the ratio between the number of actual connections between the neighbours of the
node and the number of all possible connections between them. This allows to quantify the level

of segregation of the network and investigate possible clusters with higher levels of activity [75].

The degree of each node is given by the number of connections where the node is either a source
or a target. If we consider only the incoming or outcoming connection, the in-degree and out-
degree can be computed, respectively. The degree of a node gives information about the extent to
which this node affects the network. When a node presents a degree that is, at least, one standard
deviation above the average degree, it corresponds to a hub node. Hub nodes are important since

they extensively affect the dynamics of the networks [75].

3.5 Summary

Understanding the architecture of neuronal circuits is a crucial step towards elucidating the
neuronal mechanisms underlying brain function. By exploiting the potential of high-resolution
neuronal data, connectivity studies are opening up new opportunities for characterizing neuronal
connections at multiple temporal and spatial scales — functional connectivity —, and unravelling

the complex dynamics of neuronal communication pathways — effective connectivity.
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Several algorithms have been described to address the connectivity inference problem. Selecting
the most appropriate method relies on the level of detail required for each specific application and
the availability of computational resources. Correlation-based algorithms provide a simple yet
effective tool to reconstruct neuronal circuits by capturing the magnitude and causality of

neuronal interactions.

Overall, the connectivity inference methods reviewed here are implemented in batch mode.
However, an online approach may prove valuable in studying how neuronal dynamics affect
network inference with single-event resolution, and deriving connectomes from real-time

neuronal data.

In the following chapters, a novel methodology to estimate directed connectivity in biological
neuronal networks is presented. Besides identifying excitatory and inhibitory links based on
cross-correlation metrics, an online implementation is proposed to infer the corresponding

connectivity matrix as new events are detected.
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Table III-1. Correlation-based methods for connectivity inference.

Method

Correlation

Cross-Correlation (CC)

Cross-Correlation
Histogram (CCH)

Principle

Strength of the linear relationship
between two random variables [15].

Strength of the delayed linear

relationship between two random

variables.

Evaluates the cross-correlation
between two random variables over a

correlation window [76], [66].

Features

Linear relationship between spike
trains.

Linear relationship between spike
trains.

Causal indicator.

Linear relationship between spike

trains.

Causal indicator.

Connectivity inference

Limitations

No standard definition.
Limited to linear relationships.
Acausal indicator.

Does not distinguish excitatory and
inhibitory connections.

Does not discriminate between direct
and indirect effects.

Limited to linear relationships.

Does not distinguish excitatory and
inhibitory connections.

Does not discriminate between direct
and indirect effects.

Limited to linear relationships.

Does not discriminate between direct
and indirect effects.

Lower sensitivity to
connections.

inhibitory
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Partial Correlation (PC)

between

Strength of the linear relationship

two random variables,

excluding the effects of all other

variables [71].

Table III-2. Information theory methods for connectivity inference [24].

Method

Mutual Information (MI)

Joint Entropy (JE)

Principle

Amount of information that can be
obtained from a random variable by

observing another random variable.

Tests whether a reference neuron is a

cause of activity in a target neuron by

27

Some variations allow to detect
excitatory and inhibitory effects.

Linear relationship between spike
trains.

Discriminates direct and indirect
effects.

Features

Non-linear relationship between spike

trains.

Non-linear relationship between spike

trains.

Limited to linear relationships.
Acausal indicator.

Does not distinguish excitatory and
inhibitory connections.

Computationally expensive.

Limitations

Acausal indicator.

Does not distinguish excitatory and
inhibitory connections.

Does not discriminate between direct

and indirect effects.

Acausal indicator.
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Transfer Entropy (TE)

Delayed Transfer Entropy

(DTE)
High Order
Entropy (HOTE)

Transfer

computing the  cross-inter-spike-

intervals (cISI).

Measure of flow of information

between two random processes.

Same as TE but considering a delayed

version of the source signal.

Same as TE but considering multiple

time steps of activity.

Causal indicator.
Non-linear relationship between spike

trains.

Causal indicator.
Non-linear relationship between spike

trains.

Causal indicator.
Non-linear relationship between spike

trains.

Connectivity inference

Does not distinguish

inhibitory connections.

Does not discriminate

and indirect effects.

Does not distinguish

inhibitory connections.

Does not discriminate

and indirect effects.

Does not distinguish

inhibitory connections.

Does not discriminate

and indirect effects.

Does not distinguish

inhibitory connections.

Does not discriminate

and indirect effects.

excitatory and

between direct

excitatory and

between direct

excitatory and

between direct

excitatory and

between direct



Chapter IV

Materials and methods

In this chapter, computational and experimental strategies to investigate network connectivity in
neuronal assemblies are detailed. Synthetic data was generated using simple computational
neuronal models for subsequent algorithm validation. Compartmentalized microfluidic devices
were also explored to engineer neuronal circuits in vitro with defined architectures. Finally, an
experimental protocol was designed to provide “real-time” information on network connectivity

from neuronal cultures coupled to microelectrode arrays.

4.1 Synthetic spike train data

Synthetic data is a valuable tool to formulate and validate research hypotheses before acquiring
and analysing real data. The stochastic nature of neuronal firing can be described by a Poisson
point process. A Poisson point process is a type of stochastic process that is widely used for
modelling discrete events occurring independently at a certain rate A. The time differences
between the events are known as interarrival times T and follow an exponential distribution with

meanT = 1/A[77].

Each spike train was generated in MATLAB (R2022b, The MathWorks, Inc., Natick, MA, USA)
by creating an array of N random numbers drawn from an exponential distribution with mean T,
which correspond to the interarrival times between events. The mean interarrival time T and the

total number of events N were varied to simulate neurons with different activity levels.

29
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4.2 NEURON simulations

From basic cellular mechanisms supporting neuronal function to information encoding at network
level, computational neuroscience provides a theoretical and mathematical framework to address
the most compelling research questions in the field of neuroscience. The NEURON simulation
environment is a widely used open-source tool for modelling and simulating neuronal dynamics
from single neurons to complex neuronal networks [78]. Over the years, neuronal recording data
has driven the implementation of empirically-based models to bridge the gap between theory and
experimental findings. NEURON offers a powerful platform to build biologically realistic
quantitative models with great control over the morphology and biophysical properties of

neuronal populations.

NEURON supports programming in HOC, an object-oriented programming language with a C-
like syntax, and, more recently, in Python. Moreover, a graphical user interface (GUI) enables to
conveniently build and manage neuronal models, control simulation parameters and plot variables

as a function of time and space, without having to write any code (Figure I'V-1) [79].

Sections are the basic structural units in NEURON. Biophysical (“realistic’) cell models combine
multiple cylindrical sections to form any tree-like topological structure. Each section is assigned
morphological and biophysical properties using the CellBuilder graphical tool. Morphological
properties include the length, L, and the diameter, d, of the section. Biophysical properties
comprise the axial membrane resistivity, Ra, the specific membrane capacitance, cm, and other
biophysical mechanisms, such as ion channels. NEURON provides a few built-in biophysical
mechanisms, but additional mechanisms written in NMODL language can be specified by the
users. Published model descriptions are publicly available from online databases, namely

ModelDB [80].

Biophysical mechanisms are governed by sets of algebraic and/or differential equations and
kinetic schemes [81]. The membrane potential and gating states of biophysical model neurons are
derived using numerical integration methods. On the other hand, artificial cell types provide
simple and computationally efficient models based on Poisson processes (NetStim objects) and

integrate-and-fire neurons (IntFire objects) with analytical solutions [82].

Synapse objects (i.e., ExpSyn) are attached to pre-existing cell models at a chosen section. Each
synapse is characterized by its reversal potential, e, and its decay time constant, ,,,,. The synaptic
reversal potential, e, is defined by the type of neurotransmitters released from the presynaptic
neuron, and determines the evoked postsynaptic potential: a reversal potential above the
membrane resting potential depolarizes the postsynaptic membrane, thereby increasing the

probability of a postsynaptic action potential firing — excitatory synapse —, whereas a reversal
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Figure IV-1. NEURON’s graphical user interface. NEURON provides a set of interactive
graphical tools (panels) to build and simulate single neurons and networks of neurons with
minimal programming experience.)

potential below the membrane resting potential hyperpolarizes the postsynaptic membrane and
reduces the likelihood of a postsynaptic action potential occurring — inhibitory synapse [83].
Exponential synapses (ExpSyn) are event-driven synapses with a discontinuous change in

conductance, G, followed by an exponential decay with time constant tau,

i=G-(v—e) [14]

t
G=w-e ™m [15]

where i is the synaptic current and v refers to the membrane potential. The weight, w, is the peak
amplitude of the synaptic conductance, and is defined by a Network Connection (NetCon) object.
NetCon objects establish synaptic connections between a spike source, including both biophysical
and artificial cell types, and a synaptic target (i.e., ExpSyn). Besides the source and the target, the
synaptic weight, w, the synaptic delay, 7, and the threshold for spike detection are specified for
each connection. When the source potential exceeds the threshold at a given time t, an event is

triggered in the target at time t + 7.

In silico modelling of biological neuronal networks using neuroscience simulators such as
NEURON is particularly relevant in the context of network inference. Simulated neuronal
networks with known connectivity given by the synaptic weight matrix (SWM) provide ground

truth data for algorithm validation.

Simple network models composed of two biophysical cells were created. More complex networks
were not required since the final goal relies on the paired interaction between pairs of neurons.

Each neuron was represented by a two-compartment cell consisting of a soma (ball) and a dendrite
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Table IV-1. Morphological properties of biophysical model neurons presented by neuronal

compartment.
Soma Dendrite
length, L (um) diameter, d (um) length, L (pum) diameter, d (um)
10 10 100 2

Table IV-2. Biophysical properties of biophysical model neurons presented by neuronal

compartment.
Soma Dendrite

Axial resistivity, Ra (€2-cm) 150 150
Specific membrane capacitance, cm (uF/cm?) 1 1

g_pas (S/cm?) 0.001 0.001
Passive channels

e_pas (mV) -70 -70
Hodgkin-Huxley sodium, gnabar_HH2 (S/cm?) 0.1 -
potassium and leak gkbar_HH?2 (S/cm?) 0.06 -
channels vtraub_HH2 (mV) -55 -

(stick) — ball-and-stick model. For this model, the axonal compartment is not explicitly modelled.
Signal propagation along the axon is considered by introducing a delay between spikes detected

in the soma of the presynaptic neuron and synaptic events triggered in the postsynaptic neuron.

Table IV-1 and Table I'V-2 present the morphological and biophysical parameters describing the
biophysical neurons. Each cell compartment was modelled as a cylindrical structure. A single
apical dendrite of 100 um in length and 2 um in diameter emerges from the soma with a length
and diameter of 10 um, which is consistent with typical measurements in the nervous system [84].
The number of segments was set to 1 for both structures. Passive properties were inserted in the
somatic and dendritic membranes, including axial resistivity (R, = 150 Qm, from [85]), specific
membrane capacitance (¢, = 1 pF/cm?, from [85]), and leakage channels (“pas” mechanism) with
a reversal potential of -70 mV and a maximum conductance equal to 0.001 S/cm? (default
parameters), contributing to the resting membrane potential. Fast Na" and K* currents for action
potential generation based on the Hodgkin-Huxley model were added to the soma (“HH2”
mechanism for hippocampal neurons, from [86] and adapted from [87]). Although dendrites also
express voltage-gated ion channels, several studies suggested that passive properties are sufficient
to support synaptic integration and signal propagation in dendrites [88], [89]. Here, dendrites were
modelled as purely passive compartments since our focus relies on the output-output interaction

between pre- and post-synaptic units, rather than synaptic-level computations.
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Table I'V-3. Parameters for each simulated networks in NEURON.

Type of  Mean interarrival Mean interarrival

Network
connection time —source (ms) time — target (ms)
1 excitatory 100 100
2 excitatory 100 1
3 excitatory 1 100
4 inhibitory 100 100

Excitatory (e = 0 mV and tau = 5 ms, for AMPA-like receptors) and inhibitory (e =-80 mV and
tau = 10 ms, for GABA-like receptors) synapse objects were attached to the dendrite and soma
of each neuron, respectively. The slower kinetics of inhibitory synapses is reflected on a larger

decay time constant [90], [91].

Each biophysical model neuron was triggered by an artificial cell (NetStim) with a defined mean
interarrival time, T. These connections were established via a NetCon object, where the source
was an artificial cell, and the target corresponded to an excitatory synapse in each biophysical
cell. The synaptic weight was selected as the minimum value to consistently trigger an event in
the target upon an event in the source (w = 0.008 and T = 0 ms). Excitatory and inhibitory links
between biophysical model neurons were established considering different synaptic weights and
a synaptic delay, 7, equal to 2 ms. Different firing rates for each cell were simulated by changing
the mean interarrival time, 7, of the corresponding artificial cell. Each network (7able 1V-3) was
simulated for a range of different weights (0.001, 0.002, 0.005, 0.0055, 0.006, 0.0065, 0.007,
0.0075, 0.0078, 0.008, for excitatory and 0.00001, 0.00002, 0.00005, 0.0001, 0.0005, 0.001, for
inhibitory), and repeated 5 times. Each run simulated 5 min and 10 min of spontaneous activity

for excitatory and inhibitory links, respectively. All simulations were carried out at 37°C.

For each trial, the voltage traces and spike trains regarding each simulated biophysical cell were

exported and stored for offline analysis in MATLAB.

4.3 Real electrophysiology recordings

4.3.1. Engineering controlled neuronal circuits

In vitro patterned neuronal circuits based on 3D structural confinement provide a versatile tool to
study how network architecture affects the spatiotemporal activity patterns expressed by neuronal
cultures. These microstructures allow to selectively isolate different cell types and neuronal

compartments based on geometric features. Unidirectional neurite growth can be achieved with
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Figure IV-2. In vitro patterned neural circuits. (A) ‘Stomach’ motif used for the assembly of the
microcircuit in (B). (B) Unidirectional circuits composed of several ‘stomach’ motifs [92]. (C)
Phase-contrast microscopy image of a primary hippocampal neuronal mono-culture at 5 DIV. The
microelectrode array active area is shown (10x% objective, mosaic). A microfluidic device
composed of 16 microchannels (10 um width; 700 pm minimum length) is aligned to include
seven microelectrodes each [93].

asymmetrical designed channels featuring a preferred growth direction [92]. Therefore,
engineered networks offer a great control over the topological motifs exhibited by neuronal
cultures, as opposed to randomly connected homogeneous networks, and thus constrain functional
information flow through networks with high reproducibility. Functional connectivity analysis
based on neuronal activity recordings enable to assess signal transmission efficiency between
compartmentalized (sub-)cellular structures. Here, two distinct designs were tested: a modular
microstructure based on stomach-like structures and a two-compartment system with connecting

microchannels.

A modular microstructure composed of four directional circuits with 4 nodes each was designed
to build small-scale, multi-node networks with unidirectional connections. Neuronal cells are
seeded into the nodes (Figure I'V-2). The nodes feature an asymmetrical stomach-like structure
that guides neurite growth (from right to left) relying on the tendency of neurons to avoid sharp
turning angles. Two additional bidirectional circuits of straight channels were used as reference
[93].

A two-compartment microfluidic system composed of two chambers (somal and axonal)
interconnected by 16 microchannels with 700 pm in length, 10 um in height, and 10 um in width

was designed to investigate signal propagation characteristics of axons (Figure I'V-2). The initial
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cell plating is performed onto the somal compartment, and axons are allowed to growth along the
microchannels and reach the axonal compartment. The length of the microchannels was selected
so that axons were the only structures capable of reaching the axonal compartment, as a length of
450 pum is enough to restrict the access to axons only. The width of the microchannels allowed to
maintain soma-exclusion properties and restrict the number of axons accommodated per
microchannels, achieving a lower complexity of the signal recorded from electrodes placed under

these structures [94].

Compartmentalized microfluidic devices (CMDs) enable to access (sub-)cellular structures. By
combining microElectrode arrays and microFluidics (LEFs), neuronal cultures with well-defined

functional connectivity can be probed with high spatiotemporal resolutions.

4.3.2. Substrate preparation

Polydimethylsiloxane (PDMS) was used in the fabrication of the compartmentalized microfluidic
devices described in the previous sub-section. Due to its high versatility in the design of 3D
microstructures with nanoscale resolution, and excellent biocompatibility, optical transparency
and gas permeability properties, PDMS has been extensively exploited to engineer biologically
relevant neuronal networks in vitro. Soft lithography is a standard microfabrication technique for
polymer-based microfluidic systems, such as PDMS microfluidic devices. Briefly,
topographically patterned surfaces are produced by replica molding from a photoresist-based

master mold [95].

For the multi-node networks, planar MEAs (60MEA500/30iR-Ti-gr, Multi Channel Systems
MCS GmbH, Reutlingen, Germany) of 60 titanium nitride (TiN) electrodes (59 recording
electrodes and one internal reference electrode) 500 um spaced with a diameter of 30 um and
arranged in a 6 by 10 rectangular grid were used. The circuit structures were aligned with the
microelectrode grid, and each circuit encompassed 9 electrodes in a 3 by 3 square grid (). The
LEFs were air plasma-cleaned for surface hydrophilization, and then coated with poly-D-lysine,

thereby providing a culture substrate with enhanced cell-adhesive properties [93].

For the two-compartment microfluidic system, planar MEAs (256MEA100/30iR-ITO-gr, Multi
Channel Systems MCS GmbH, Reutlingen, Germany) constituted by 256 TiN electrodes (252
recording electrodes and four internal reference electrodes) 100 pm spaced with a diameter of 30
pm and organized in a 16 by 16 square grid (electrodes in the four corners were not present) were
used. The number of microchannels (16 microchannels in total) matched exactly the number of
microelectrode columns. Thus, precise alignment between the microfluidic system and the

microelectrode grid enabled to probe each microchannel with seven vertically aligned, equally
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spaced electrodes (Figure I1V-2). Similarly, the assembled pEFs were air plasma-cleaned, and

subsequently coated with the adhesion proteins poly-D-lysine and laminin [94].

Additional experiments without topological constraints were carried out on planar MEAs
(60MEA200/30iR-Ti-gr, Multi Channel Systems MCS GmbH, Reutlingen, Germany) of 60 TiN
electrodes (59 recording electrodes and one internal reference electrode) 200 um spaced with a
diameter of 30 um and arranged in an 8 by 8 square grid (electrodes in the four corners were not

present). Substrate preparation followed the procedure presented above.

4.3.3. Cell culture

Dissociated primary hippocampal neurons (PHN) from Wistar rat embryos at embryonic day 18

(E18) were cultured in Neurobasal (Plus) medium supplemented with penicillin-streptomycin.

For the multi-node networks, cells were seeded onto the microstructures. Upon seeding, neurons
slowly adhered to the PDL-coated surface, particularly to the bottom of the nodes, and excess
cells on top of the microstructures were aspirated [93]. For the two-compartment microfluidic

system, cells were seeded in the somal compartment of the pEFs [94].

All cultures were maintained in a humidified incubator at 37°C with 5% CO,, and half-medium

change was performed weekly .

4.3.4. Electrophysiology recordings

Extracellular electrical activity from neuronal cultures was recorded by placing each MEA into
the headstage of the MEA2100 system (Multi Channel Systems MCS GmbH, Reutlingen,
Germany). Signal are amplified and digitized directly on the headstage, and various headstage
types are available to accommodate different electrode layouts, including 60- and 256-electrode
MEAs. The MEA2100-Mini system (Multi Channel Systems MCS GmbH, Reutlingen, Germany)
is a miniaturized recording system designed for 60- and 120-electrode MEAs. The interface board
(IFB-C) receives data from up to two headstages (1-4 MEAs) and connects to the computer via
USB 3.0 SuperSpeed port. The Multi Channel Experimenter (Multi Channel Systems MCS
GmbH, Reutlingen, Germany) software provides an interface for acquisition, real-time
visualization and online analysis of neuronal data. The program allows to design experiments by
combining virtual instruments (e.g., recorder, filter, spike detector) in a workbench-like

environment, and export the recorded data for posterior offline analysis.

Electrophysiology experiments were conducted at 37°C with 5% CO,. Cultures were allowed to

settle in the headstage before each recording session.
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Multi-node networks

Electrophysiological recordings were obtained at 13 days in vitro (DIV) with a sampling rate of
10 kHz. Spontaneous activity was recorded for 2 min followed by single node stimulation. A
sequence of 5 to 10 biphasic voltage pulses (—500/500 mV, 200 pus per phase) was delivered to

each node independently, allowing to return to baseline activity levels between stimuli [93].

Raw data was provided by Forr6 et al. [93], and further analysed offline in MATLAB. Signals
were band-pass filtered (3™ order acausal Butterworth filter, 200-3000 Hz) and neuronal spikes
were detected using an amplitude threshold method based on the standard deviation of the
background noise [96]. Concisely, neuronal signals can be described by a mixture of a normally
distributed noise component (ranging from 2 to 10 uV) and a spike component featuring sparsely
distributed, large amplitude neuronal spikes (ranging from 0.02 to 0.4 mV) [97]. Thus, an
amplitude threshold based on the background noise levels allows to identify neuronal spikes as
outliers in neuronal signals. For Gaussian noise, the median absolute deviation, MAD, of the
signal is equal to 0.67450, where o is the standard deviation of the Gaussian noise [98].

Therefore, the threshold, Thr, for each electrode was defined as follows,

MAD , |x|
Thr = n X gy, Op = = median , [16]

where x represents the filtered signal, o, is an estimate of the standard deviation of the
background noise and n is a multiplier factor for the standard deviation, typically between 3 and
5 (n=4). Median-based estimators provide a more robust method against outliers (i.e., neuronal
spikes) with respect to the regular standard deviation of the signal, assuming that spikes account
for a small fraction of the signal. Spike time were extracted at the threshold-crossing point, and
any spikes occurring within the following 2 ms were discarded (dead time). Neurons are unable
to fire two consecutive action potential within a 2 to 3 ms window due to the refractory period,
thus, by imposing a minimum interspike interval, biphasic and triphasic action potential are not
detected more than once. For each spike, the maximum absolute voltage was extracted within a
limited window of 2 ms, related to the duration of a single spike. This step is particularly relevant

for the subsequent analysis where the precise timing between events is required.

Highly synchronized activity of neurons within nodes is expected during bursts, which may
complicate the spike detection task since spikes appear overlapped. Since recordings are not long,
excluding these periods was discarded. A more conservative approach was adopted, detecting
only negative spikes and further decreasing the dead time to 1 ms, assuming that subsequent

correlation computation will keep only the relevant information.
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Two-compartment microfluidic system

Electrophysiology experiments were conducted at 18 DIV with a sampling rate of 10 kHz.
Spontaneous activity recordings were obtained using the Multi Channel Experimenter software.
The digital signal processor (DSP) integrated in the interface board was configured in the
Experimenter software: signals were high-pass filtered (2™ order causal Butterworth filter, 200
Hz) and neuronal spikes were detected in real-time using an amplitude threshold set to = 6 times

the standard deviation of the noise with a dead time of 2 ms.

Spike train data was exported, and further analysed offline in MATLAB. Network burst activity
was excluded from the analysis since overlapping spikes may difficult challenge the detection
task due to high firing rate observed during burst precise timing is important. Burst periods were
excluded since spike detection suffers from confounding factors and the precise spike time is
difficult to obtain [94]. The network instantaneous firing rate was computed by convolving the
spike train of each electrode with a Gaussian kernel with a standard deviation of 10 ms and
averaging across electrodes [99]. A Gaussian kernel allowed to obtain a smooth estimation of the
firing rate of the network, which contrasts with estimates using rectangular windows. Network
bursts were detected when the firing rate exceeded a threshold of 5§ Hz, and excluded from the

subsequent analysis.

Real-time analysis

The main goal of this implementation is to update the connectivity information from a neuronal
culture coupled to a microelectrode array as new spike events are detected, and provide this

information in “real-time” to the user in an informative and intuitive way.

The connection between the MEA2100(-Mini) system and MATLAB was established using the
McsUsbNet  dynamic  link  library (DLL) from  Multi  Channel  Systems
(https://github.com/multichannelsystems/McsUsbNet).

Electrophysiology experiments were performed at 2-3 weeks in vitro with a sampling rate of 10
kHz. Raw signals were high-pass filtered (2" order causal Butterworth filter, 200 Hz) by the
analog filter circuit integrated in the headstage, and then transferred to MATLAB. The raw data
stream was received in 500 ms batches containing 5000 sample points per electrode, as they were
available. For each batch, neuronal spikes were identified as negative peaks below an amplitude
threshold of 5 times the standard deviation of the signal with a dead time of 2 ms. Similarly,
bursting periods were excluded since overlapping action potentials may difficult the spike
detection task. The network instantaneous firing rate was obtained by convolving the spike train
of each electrode with a half-Gaussian kernel with a standard deviation of 10 ms and averaging

across electrodes. The half-Gaussian kernel essentially refers to the right half of the normal
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Figure I'V-3. General pipeline developed for the analysis of real experimental data in “real-time”.
Electrophysiological activity is recorded via microelectrode arrays, and transferred to a
workstation in “real-time”. The data is processed by a connectivity inference algorithm, and the
connectivity matrix and corresponding map is displayed for the user. Adapted from [17].

distribution. In contrast to a normal distribution, this kernel only considers spikes that already
fired for the computation of the mean instantaneous firing rate — causal window —, allowing to
provide a value in real-time [100]. When the firing rate exceeded a defined threshold, spikes were
discarded from the subsequent analysis. For each batch, the connectivity inference algorithm was
executed independently for each single events, and the connectivity information was presented

summarizing the results after each batch was processed.

Spike train data was exported for posterior offline analysis in MATLAB.
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Chapter V

Results and discussion

5.1 Synthetic spike train data

Synthetic spike train data was generated in MATLAB to determine the underlying distribution of
the time intervals between pairs of spikes from two independently firing units. Subsequently, the
theoretical distribution under the null hypothesis of no dependence between firing units was used

as the reference distribution to detect and further characterize statistically significant connections.

Let (txn)gﬁl denote a finite sequence of spike times from a given firing unit X, where the index

n indicates the nth spike of the sequence and Ny is the total number of spikes. Stated a reference
. . . . . i Nr \NT

unit R and a target unit T, the corresponding spike trains (tR )i=1 and (tTJ)jzl were generated

by two independent Poisson point processes with mean interarrival times Ty and T, respectively.

Given a reference spike at time t5’ and a target spike at time t1/, the time interval between spikes

7;; was defined as,
Ty =tr) —tg', Vie{l, .., Ng}j€{l, .., Np} [17]

If the reference spike temporally precedes the target spike, the time interval between spikes 7;; is
positive; otherwise, it is negative. Considering all possible pairs of spike times (tg!, tz/) with the
first element drawn from the reference train and the second element from the target train, it

follows that the total number of time intervals is given by Ny Nr.

In the subsequent analysis, the mean interarrival time was set to 100 ms (g = 7r), and three
different values of the total number of spikes were considered: 100, 1000 and 10000 (N = Ny).
The time intervals between pairs of spikes 7;; were binned into a histogram with a bin width h of

1 ms and a causality window 7, set to +£50 ms. The causality window 7. defines the range of time

41
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Distribution of time delays for two independent Poisson processes
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Figure V-1. Distribution of time delays for two independent Poisson processes. The distributions
of time delays between events for two independent Poisson processes with 1000 (top panel) and
10000 (bottom panel) events were obtained. The probability density functions estimated in each
trial (T = 200) are represented in light blue (transparency). The light blue curve corresponds to
the mean value of the probability density function in each bin; the red curves define the error
band by considering values wthin 1 standard deviation from the mean value (n = 1). The
theoretical uniform distribution is shown in dark blue.

intervals represented in the histogram. Each histogram bin value was then normalized by the total
number of time intervals within the causality window n. and the bin width h such that the total
area of the histogram was equal to 1. The density histogram provides an estimate of the probability
density function that is independent of the total number of observations and the bin width, and

thereby useful to compare distributions of a given variable [101].

The law of large numbers states that, as the number of trials increases, the sample mean converges
to the expected value [102]. The expected distribution of time intervals (light blue curve in Figure
V-1) was estimated by generating independent Poisson processes over multiple trials and
averaging the obtained distributions (transparent light blue curves in Figure V-1). For each value

of Ng, the above procedure was repeated 200 times. The mean density value, u, and the
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Figure V-2. Distribution of time delays for two independent Poisson processes. The distribution
of time delays between events for two independent Poisson processes are represented without
considering any causality window in the top panel. The red curve refers to the probability density
function. The bottom panel present the same distribution within a causality window 7.

corresponding standard deviation, gy, were calculated for each bin k, and an error band was
defined as yy £ n - oy, where n is an integer. The time intervals approximately follow a uniform
distribution (dark blue curve in Figure V-1) within the causality window and, therefore, there is
no preferred time interval between events from independent units, as expected. The selected
number of trials (T = 200) allowed to obtain an estimate of the probability density function with
a RMSE below 0.001, with respect to the theoretical uniform distribution.

The above results show a dependence between the number of events, N, and the standard
deviation, . The width of the error band is reduced by a factor of 3 when the number of events,

N, increases from N = 1000 to N = 10000.

The closed-form expression for the standard deviation, o, was derived for two independent
Poisson point processes. The distribution of time intervals, 7, for two independent Poisson
processes is shown for an arbitrary set of parameters (NgTg = NyTy, considering the same
recording time for each unit) is obtained (Figure V-2). The total area under the curve for any
probability density function is equal to 1. Therefore, the intersection with the y-axis, b, and the

slope, m, can be expressed as,

1

N, -b=1e b= =
RER Ngptp  Nri7
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b 1
em=——— 19
NpTR m NRTR - NpTg [19]

Fort € [—1,,7.] and 7, < NxTg - Np 77, the probability density function, p(7), is given by,

1 1

T+ , T € [—7,,0]
NptTp - NpT NptT
p(_[):i RTR ' NRTR R1R [20]
, € [0,
Nptp T €[0,7.]
©p() = Notn " € [—7. 7.l [21]

The time intervals approximately follow a uniform distribution within the causality window.

The number of time intervals, 7, represented within the causality window, n., can be calculated
as the probability of a given time delay belonging to the causality window, P(t € [—T.,T.]),

multiplied by the total number of possible delays, Ny Ny,

1 27
P tor) =p@) H =g 2rc o Paeltr = [21]
27, N Ny
n. = P(t € [-1.,7.]) - NgN;y & n, = ————+ NxgNy © E, =21,— = 21,—. [22]
NgNr ¢ Tr TR

Focusing the attention on the causality window, a new probability density function, p(7), can be

defined within its limits. Since the distribution of delays is approximately uniform,

1
p(r) =5—. [23]

The number of events within a single bin can be obtained as,

- 1 - h
P(re[0h]) =— h o P(re[0,h]) = — [24]
27, 27,
_ h Ng N, Ny
Tlh=P(TE[O,h])'nC@nC=2—TC'2TC;®Eh=h;=h;. [25]

The error related to each bin count is equal to the square root of the respective count. By
normalizing these values by the total number of counts within the causality window and the bin

size,

=c—t——m—ep@) =s—t>— |  [26]
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Figure V-3. Error band for the distribution of time delays for two independent Poisson processes.
For the same distribution, by considering different number of standard deviations (n =2 and n =
3, respectively), different percentages of data are included within the error band.

These results confirm that the distribution of time delays for two independent Poisson processes
is approximately a uniform distribution, with a standard deviation that can be expressed as a
function of the causality window, the bin width, and the parameters used to generate the Poisson
processes. Therefore, the uniform distribution can be used as a reference to detect functional
connections between units, where an “accumulation of area” at the corresponding latency is

expected.

A larger causality window implies that more datapoints are represented in the histogram; thereby,
the error associated with the distribution decreases. Regarding the bin width, a larger bin smooths
the histogram and, as a result, the final distribution converges to the expected distribution,
decreasing the error associated with each bin count. The ratio between number of events and the
mean interarrival time for distinct units affects the standard deviation since a larger number of
events or a smaller interarrival time both contribute with more counts within the causality window,

decreasing the error band width.

In experimental setups, when assessing the confidence of the connection between two neuronal

units, deviations from the baseline can be discarded if they are located within the error band. In
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this case, where the mean inter-spike interval and the number of spikes is not defined by the user,
but depends on the nature of neuronal cultures, the number of time delays detected within the

causality window can be used to estimate the error band,

1 Tr 1 Tr 1 1
e=— |>—Foe= —— 21, & e= ’—
2t; [Ngh ZTC\/E 27.Np ¢ 21 .h (e

@e=; [27]

V2t hn,

By establishing an error band considering n standard deviations from the uniform distribution,

deviations from this reference function can be assessed and used to quantify functional
connections. Depending on the number of standard deviations considered, connections can be

detected as outliers.

5.2 New algorithm

A novel algorithm based on the pairwise cross-correlation for connectivity inference from
neuronal data is herein proposed. Besides providing a full characterization of the interactions
between neuronal units, including confidence of connection, latency and direction, an online
approach is proposed, allowing to update the connectivity matrix as new events are detected. This

information is summarized in a connectivity matrix and the corresponding delay matrix.

For simplicity, the algorithm is detailed for two units, but the analysis can be generalized to any
number of units since the pipeline is based on pairwise comparisons.

Online approach

Let a spike event, E, be represented by its occurrence time, t,, and the unit which fired it, ng. The
pseudocode describes the sequence of steps performed to handle a stream of events and generate

the cross-correlation histogram for a given pair of units i and j.
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Algorithm 1. Compute the cross-correlation histogram for a given pair of units i and j

ref 1
target «— j
IF new_event_detected
IF ng equals ref
lag < buffer( target ) —
ELSE
lag « ¢, — buffer( ref)

END IF
bin <« convert_from_ms_to_samples( lag)
CCH( bin ) «~ CCH(bin) +1

END IF

Upon the firing of a spike event E at time tg by unit ng = i, the connections between i and all
other units are assessed pairwise. For a given pair of units, the connection is assessed one time
since the histogram is symmetric and contains information about interactions in both directions,
depending on whether we consider a positive or a negative delay. Therefore, we start by defining
the reference unit and the target unit, and the cross-correlation histogram is obtained accordingly.
A positive delay indicates that events in the reference unit precede activity in the target unit; the

opposite is true for a negative delay.

The corresponding timestamp, £, from unit #,, is then compared to previous spike events fired by
the other unit. A buffer is used to store these past events. Since we assume that causal events take
place inside a chosen time window, the buffer needs to be continuously updated. This ensures that

the maximum lag between any stored event and the current time is within the causality window.

The time delay is computed as the difference between a target and a reference spike. When a spike
event is detected for a given unit, the buffer referring to the other unit may contain more than one
event. In these cases, this operation is performed for each pair of reference and target spikes, and
an array with time delays is obtained. These intervals are converted to the corresponding bin in

the cross-correlation histogram, and the new information is added to the histogram.

To generate the cross-correlation histogram, the bin size and the causality window are defined as
parameters of the algorithm. The choice of the bin size can significantly affect the shape of the
histogram: narrow bins usually lead to noisy distributions with irrelevant information whereas

wider bins may hide important details. Regarding the causality window, the biophysical properties
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Figure V-4. How does the algorithm deal with a stream of incoming spike events? The grey
background represents data to which the algorithm does not have access. When a new event (in
red) is detected in one unit, the algorithm only has access to past events within the causality
window (white background). The black marker indicates the current time and the left border of
the causality window. Each detected event is compared with past events from the other unit (in
blue).

of neurons should be taken into account to select a reasonable time interval (10 ms) within which

causal events are expected to occur.

How to characterize connections?

From the cross-correlation histogram, the weight and time delay for the connection between i and
Jj can be extracted by converting the cross-correlation histogram into the corresponding probability
density function. This normalization allows to compare the resulting distribution with the

expected uniform distribution when no link between units is found.

A filtering operation is first applied to the histogram to reduce the effect of spurious random
connections. Here, a gaussian kernel with a standard deviation equal to the bin size is adopted. To
avoid boundary effects as a result of the convolution operation, a wider window is considered to
obtain the cross-correlation histogram and perform the smoothing. For the subsequent steps, only

the bins within the causality window are kept.

After obtaining the probability density function, the goal is to measure how different this
distribution is from the normalized uniform distribution. The total area under a density curve is
equal to 1. When two probability density functions referring to the same continuous random

variable are superimposed, the sum of all the individual areas between the curves, 4, is equal to

n

0. For a pair of units (7, /), if each one of these patches is represented by a;j, this can be expressed

as,

A=Za;;=o [28]
n



NEURON simulations 49

where n is the total number of patches. Additionally, a variable sl-"j can be defined to distinguish
between an area ag- above the uniform distribution, with S{’j = 1, and under this curve, where

n _ __
Sij_ 1.

When a causal relationship between a pair of units (7, j) exists, a significant deviation from the
background is observed in the corresponding probability density function, outside the error band
defined based on the number of counts in the cross-correlation histogram. These isolated and
high-amplitude features contrast with the randomness of the connections represented in the flat
background. Depending on whether a peak or trough is present, we can then classify these

interactions as excitatory or inhibitory.

To obtain the weight for the connection between i and j, patches outside the error band are found
based on the baseline level of the estimated distribution. The baseline level corresponds to the
distribution of random intervals between events. If the baseline level is above the theoretical
probability density function, only negative areas are considered — inhibitory connection;

otherwise, only positive areas are considered — excitatory connection. The confidence, c¢;j, is

N

given by the ratio between the largest of these areas, a;}, and the total area considering the patches

n_ N
nsuch that s;; = s;3,

( af]'- ,
1 s =1
» UZ am
n ij
Cij = 3 N - [29]
aij o N _
T,lf Sij - _1
L
In—g—aj

The time delay assigned to the connection, d;;, is calculated as the lag corresponding to the

JE
highest absolute value within the range covered by a?]'-.

Finally, the computed weight and time delay is assigned to the corresponding entry in the

connectivity matrix and delay matrix, respectively.

5.3 NEURON simulations

The algorithm presented in the previous section was validated with synthetic spike train data
generated by a simple computational neuronal model featuring two neurons simulated in

NEURON. The results are shown according to the type of interaction between neurons.
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Independent units

Two independent units were simulated, and the corresponding cross-correlation histogram was
obtained. Although the algorithm had access to the whole recording, individual spikes were
provided at a time to simulate a real-time application. Following a gaussian filtering to remove
spurious connections, the probability density function was estimated, along with the
corresponding error band. As expected, the probability density function approximately follows a
uniform distribution, with no preferred time interval between events fired by both units (Figure
V-5). Spike trains with different firing rates were simulated, and the same trend in the estimated
probability density function was observed considering the total simulation time (5 min in the case

of independent units).
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Figure V-5. Analysis of spike train data from two independent neurons. The voltage traces and
raster plot generated by both neurons is presented above, followed by the corresponding cross-
correlation histogram. The bottom four panels show the steps to obtain the final probability
density function (left) and the filtered and normalized cross-correlation histogram proposed in
[66].
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Figure V-6. Learning curve for two independent neurons. The black markers in the learning curve
correspond to the pairs of estimated probability density function and connectivity matrix
displayed below.

Considering an error band equal to two standard deviations from the uniform distribution, no
connection was found. In order to understand how the confidence of connection value evolves as
the number of detected events increases, and highlight the relevance of considering an error band
to distinguish between significant and non-significant connections, the largest areca between the
obtained distribution and the reference uniform distribution was computed, even when no outliers
outside the error band were identified for illustrative effects — learning curve (Figure V-6). The
confidence of connection assumed both positive and negative values within a limited range. When
no dependence exists, the areas around the uniform distribution will be similar; thus, both positive

and negative values are valid. The error band ultimately allows to discard noisy connections, with
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no connections represented in the connectivity matrix. As the number of events increases, the

width of the error band also decreases, as already anticipated.

Excitatory connections

The same procedure was repeated for two positively correlated neurons, considering different
synaptic weights for the simulation. Again, the firing rate for both neurons was varied, considering
the same value for both units, and a ratio of 10 and 0.1 between the firing rate of the reference

neuron with respect to the target neuron.

Considering again an error band equivalent to two standard deviations, the obtained distribution
considerably differs from the uniform distribution. The convergence to the final value of
confidence of connection is not immediate. As the number of detected events increases, the
corresponding probability density function approximates its final shape and, consequently, so
does the confidence of connection. Also, the increasing number of counts represented in the
histogram results in a decrease of the width of the error band, as already mentioned for the
previous case of independent units. The synaptic delay represented in the connectivity matrix is

around the value defined in the simulation (2 ms).

For the same synaptic weight, an increase in the frequency rate of the target neuron is not expected
to result in a faster convergence of the confidence value. Even though for the same amount of
time, a larger number of events are detected in this situation, such increase is due to spikes fired
by the target neuron, which are not expected to have an influence on the reference neuron.
Therefore, in this situation the time for the convergence will be similar to the one observed when
the two firing units present a similar firing rate (first and second panels in Figure V-8). On the
other hand, if the firing rate of the reference neuron increases, the larger number of spikes are
expected to trigger a response in the target neuron more regularly, and thus less time will be
required for the value of the confidence of connection to converge. Thus, the rate of convergence
will depend on the number of spikes fired by the reference neuron. In this case, a very high firing
rate was tested (100 Hz) for the reference neuron (third panel in Figure V-8). Although the
synaptic weight was kept the same, the confidence of connection converges to a higher value,
almost reaching a value of 1. A possible explanation for this unexpected behaviour is that the
higher firing rate of the reference unit maintains the baseline membrane potential of the target
unit closer to the threshold. For this reason, even if the synaptic weight is lower than the minimum
value that consistently triggers activity in a target neuron, the target neuron will require a lower
synaptic weight to be triggered. Finally, if we consider a higher value for the synaptic weight in
the simulation, the reference neuron will be capable of consistently triggering a response in the

target neuron upon each firing event. Since more pairs of related spikes will be identified, the
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Figure V-7. Learning curve for an excitatory connection. The black markers in the learning curve
correspond to the pairs of probability density function and connectivity matrix displayed below.

Reference

convergence to the final value of the connection will be faster when compared to cases with lower

values for the synaptic weight (forth panel in Figure V-8).
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Figure V-8. Learning curve for different excitatory connections. The first curve corresponds to a
synaptic connection with synaptic weight of 0.005, and a similar firing rate (10 Hz) for both

neurons. The second and third curves refer to the same synaptic weight of 0.005, but with a higher

firing rate for the target and reference neurons, respectively. The last curve corresponds to a similar
case to the first one, but with a synaptic weight of 0.008.
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Figure V-9. Confidence of connection as a function of the synaptic weight defined for neuronal
simulation considering different firing rates for the neurons and different algorithms for connectivity
inference in excitatory connections. In left column, the results are presented for the proposed
algorithm based on the probability density function, whereas the right column refers to the results
obtained from the filtered and normalized cross-correlation histogram. The ratios depicted
correspond to the ratio between firing rate of the reference neurons and the firing rate of the target
neuron. Regarding each row, neurons were considered with the same firing rate, a 10x higher firing
rate for the target neuron, and a 10x higher firing rate for the reference neuron, respectively. For each
synaptic weight, 5 simulations were conducted, and the mean and standard deviation (error bar) are
presented.
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Besides implementing a new approach for the detection of connections, the algorithm proposed
in [66] was also tested with synthetic data. As already mentioned in Chapter III, this algorithm is
based on the computation of the filtered and normalized cross-correlation histogram, and
subsequent detection of the largest peak as a putative functional connection. The main issue with
this approach is the need for a subsequent step of thresholding to remove non-significant
connections. The thresholding method is based on the assumption that functional connections are
sparse in neuronal networks and most of the putative detected connections are not real
connections. Thus, the mean of the strength of connections and the corresponding standard
deviation are computed and used to remove those non-significant connections. However, if one is
interested in assessing the characteristics of a connection without having information about
others, such approach cannot be used. Therefore, the proposed methodology provides means to
detect relevant connections without having to establish any comparison with other connections.
Another issue is the dependence of the approach based on the filtered and normalized cross-
correlation histogram on the levels of activity. Even if the firing units present different firing rates,
if a value for the synaptic weight is defined for the simulation, the resulting confidence of
connection should have the same value, regardless of the firing conditions. The approach based
on the probability density function allows to obtain estimates in line with this. On the other hand,
the range for the weight of connection extracted from the filtered and normalized cross-correlation

histogram varies with the activity level of the firing units (Figure V-9).

Inhibitory connections

The same procedure was repeated for two neurons connected by an inhibitory synapse,

considering different synaptic weights for the simulation.

Considering again an error band equivalent to two standard deviations, the obtained distribution
considerably deviates from the uniform distribution. As the number of detected events increases,
the corresponding probability density function approximates to its final shape and, once again,
the width of the error band decreases. The synaptic delay represented in the connectivity matrix
significantly differs from the value defined in the simulation (2 ms). This could be due to the fact
that inhibitory interactions have a larger decay and, thus, its effect is observed during a larger time
window. Therefore, when compared to the detection of excitatory connections, the area outside
the error band comprises a wider interval of time delays (Figure V-10). Consequently, the choice
of the causality window, especially for the inhibitory connections, should consider a larger enough
range so that the deviation from the baseline level is readily distinguished from the baseline level
given by the random time intervals between spikes. In this case, the causality window was set to

+50 ms, even if synaptic delays are typically shorter in time [31].
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Figure V-10. Learning curve for an inhibitory connection. The black markers in the learning curve
correspond to the pairs of probability density function and connectivity matrix displayed below.
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Figure V-11. Confidence of connection as a function of the synaptic weight defined for neuronal
simulation considering different algorithms for connectivity inference in inhibitory connections.
On the left, the results are presented for the proposed algorithm based on the probability density
function, whereas the right curve refers to the results obtained from the filtered and normalized
cross-correlation histogram. For each synaptic weight, 5 simulations were conducted, and the
mean and standard deviation (error bar) are presented.

Similarly, the algorithm based on the filtered and normalized cross-correlation histogram was also
tested. A similar trend was observed in the value of the confidence of connection but, again, the
range obtained from this approach is not clear, opposing to the fixed range between a confidence

of connection of -1 and 1 provided by the algorithm proposed herein (Figure V-11).

5.4 Stomachs

After validation, the algorithm was tested in engineered neuronal networks in vitro. The stomachs
structures provide a fixed structural connectivity between neurons that can be extracted from the
data recorded from multi-electrode arrays. Each microelectrode array comprised six isolated

circuits.

The voltage traces from each electrode were filtered and spikes were detected to obtain the spike
train data. Since neurons are placed onto each node, each electrode records activity from more
than one cell. This information is important when selecting the appropriate parameters for the
spike detection algorithm. Since spikes detected in each electrode can be fired by different
neurons, imposing a dead time between spikes in a given electrode might remove spikes that may
belong to different units and, thus, relevant data for the dynamics of the circuit may be lost.

Therefore, spikes were detected with no dead time imposed.

The algorithm proposed was first used to detect connections without considering individual

circuits. The connectivity matrix provides poor information about the spatial patterns of



Stomachs 59

o | Mm% T
o
Q
g I .
@ —_ —
[WE]
1 1
0 15 30
Time [s]
300 1
3 : )
o 3 g
Qo 0 ®©
B 4 )
© £
> 5 i
-300 6
0 25 50 A B CDEF G H I K
Time [ms]
Target
1 1
1 5
i
2 g
48] c
= 3 S
g 0 05
2 ’
5 T
6 g
1 a

A°B CDEF G H I K

Figure V-12. Connectivity information from the compartmentalized microstructures exhibiting
“stomach”-like motifs. In the top panel, the raster plot is shown. The voltage trace for a given
electrode is presented, highlighting the detected events. The full activity map is show. Finally,
connectivity matrix and the corresponding connectivity map are presented.

connectivity, but looking into the connectivity map allows to conclude that the individual circuits

appear isolated, without any connections between them (Figure V-12).

Then, a single circuit was evaluated, choosing one that exhibited higher firing rates (Figure V-13).
The connectivity matrix along with the corresponding delays between firing units, in this case,
electrodes, reveal connections with a delay compatible with what is expected between individual
electrodes, but also individual neurons [31]. In fact, it is difficult to distinguish between
connections that arise from interactions between individual neurons and signals propagating
within the same cell, but recorded at different points of the neuron, since axons from neurons
seeded on a given node can in escape into the subsequent nodes. Importantly, the direction signal

propagation considering the whole circuit seems to reconstruct the unidirectional and anti-
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Figure V-13. Connectivity information for a given circuit from the compartmentalized
microstructures exhibiting “stomach”-like motifs. In the top left corner, the connectivity matrix,
along with the corresponding delays for the detected connections are shown. In the top right
corner, the raster plot for four electrodes is shown. Finally, connectivity map and the delay map
are presented below.

clockwise direction imposed by the microfluidic compartment. Inhibitory connections were rarely
detected, with some circuits not displaying any connection of this type. The balance between
excitatory and inhibitory connections in neuronal cultures is approximately 4:1. The lower ratio
of inhibitory connections make these connections more difficult to detect. Also, since we are
considering events detected in each electrode as a sum of events fired by different units, the total
effect between electrodes is, in fact, a sum of putative excitatory and inhibitory interactions, which

can hide minor inhibitory effects.

Considering the real-time update of the connectivity matrix for a given connection, real
experimental data results in more jagged probability density functions. Therefore, the threshold
for the error band was increased to allow a less sensitive analysis of the circuits to noise (n = 5).
The convergence of the confidence of connection was highly variable, depending on the firing

rate of the cultures.
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Figure V-14. Learning curve for the evolution of the value of confidence of connection for a
given pair of electrodes as a function of the number of detected events. The black markers in the

learning curve correspond to the pairs of probability density function and connectivity matrix
displayed below.

5.5 Microchannels

Probing neuronal cells that extend their axons through microchannels can provide information

about the propagation characteristics of the signal. The algorithm was tested only considering

electrodes placed under the microchannels. Bursting periods were removed from the signals since

the detection of spikes within these periods is challenging due to the overlap between spikes from

different axons that coexist in the same microchannel.
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Figure V-15. Connectivity data extracted from compartmentalized microchannel systems. In the
top left corner, the full activity map of the microelectrode and microfluidic device is shown, with
a significant higher firing rate within the electrodes located below the microchannels. In the top
right corner, the raster plot and the corresponding mean instantaneous firing rate of the neuronal
culture are presented. The connectivity information extracted from this recording is summarized
in the connectivity map presented in the bottom left corner. In the bottom right corner, two
examples of estimated probability density function corresponding to electrodes from different
and within the same microchannels are presented.

Within a recording time of 10 min, the connectivity map shows propagation down the
microchannels, which is compatible with the extending of axon from the somal compartment
towards the microchannels. However, other connections between microchannels were also
detected. By inspecting the probability density function corresponding to these unexpected
connections, significant peaks can indeed be found outside the error band. A possible explanation
for this is the fact that we are analysing a data from microchannels whose axons are extending

from somas that exist in the somal compartment. Possible synchronization between neurons or
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different neurites from the same neuron can result in correlations between electrodes in different

microchannels.

5.6 Real-time analysis

Up to this point, all network connectivity analyses have only considered pre-recorded neuronal
activity data. To simulate real-time signal acquisition and network inference, single spikes were
sequentially provided to the algorithm. This approach is valid as long as the time interval between

detected spikes is larger than the computational time required to process each individual spike.

To validate the real-time component of the proposed algorithm, multi-electrode neuronal activity
data was acquired in “real-time”, with batches of 500 ms per electrode being transmitted to the
workstation as they were available. For each batch, the algorithm was executed for each individual
spike and the connectivity information updated at each iteration. Again, bursting activity was
ignored by estimating the mean instantaneous firing rate of the neuronal population. This was
important due to the difficulty to accurately detect spikes within these periods and, as a result,
also reduced the computational load that could compromise the detection of relevant interactions
in real-time. The average time required to process each detected spike was 3.1+0.1. ms. If more
than one spike is detected within this interval, the algorithm will no longer be able to provide
estimates in real-time. Therefore, the mean instantaneous frequency rate was limited to 5 Hz.
Also, the number of monitored electrodes was limited to 60. When dealing with a single event,
the algorithm has to inspect possible connections between the firing unit and all the other possible
units. The computational time required for these computations increases with the number of units
being considered, in this case, with the number of electrodes. Importantly, such limitations are
intrinsically related with the environment where the pipeline is executed. The algorithm was
executed in a Windows machine running MATLAB, which is not the ideal environment for high-
performance computation, limiting the number of electrodes that can be effectively recorded

simultaneously.

Although the low firing rate of in vitro neuronal cultures can limit the number of connections that
can be detected, the sparsity of the obtained connectivity matrix from an unconstrained culture
could be explained by the existence of few neurons that consistently determine the activity of
other neurons, or even the whole network, in these conditions. Although structurally densely
connected, only a few functional connections highlight from a considerable number of
significantly weaker connections (panels B and C from Figure V-16). The evolution of the
connectivity matrix with recording time was monitored by computing the accumulated mean
square successive differences between consecutive batches. This curve provides a visual

representation of how and when the connectivity matrix converges to its final values.
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Figure V-16. Network connectivity inference from multi-electrode recordings in “real-time”. (A)
Raster plot of neuronal activity (spike data) considering all 60 microelectrodes. (B) Final
connectivity matrix obtained at the end of the recording. (C) Final connectivity map obtained at
the end of the recording. The corresponding delay map is not shown here. (D) Evolution of the
accumulated mean square successive differences with recording time. (E) On the left, the
estimated probability density function corresponding to pair of electrodes with no significant
connection is depicted; on the right, another example corresponding to a pair of electrodes with
a significant connection is shown.
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Overall, the computational analysis methods were successful in providing estimates of the
confidence of connection for both in silico and in vitro neuronal networks in “real-time”. The fact
that the algorithm does not have access to the whole recording time as connections are inferred
did not limit its potential to detect significant connections above the baseline levels corresponding
to spurious or very weak connections with low implications in the dynamics of the neuronal
networks. Such connections are usually detected with other approaches, at its removal requires
thresholding methods based on the overall network connectivity. Moreover, this approach
provides an intuitive and robust measure of confidence of connection within a fixed range, and
the characterization of connections in terms of strength, direction and latency, which lacks in other

approaches, was also achieved.
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Chapter VI

Conclusion

The rich repertoire of spatiotemporal activity patterns exhibited by neuronal assemblies emerges
from a complex interplay between the intrinsic properties of individual neurons and their dynamic
interactions with other neuronal and non-neuronal cells. Distinct patterns of connectivity among
different neuronal types give rise to intricately organized networks that support
neurophysiological processes across multiple scales. Extensive alterations in the network
connectivity can severely compromise normal neuronal function. In fact, increasing evidence
suggests that such connectivity abnormalities are strongly implicated in the pathophysiology of

neurological disorders, such as schizophrenia and Alzheimer’s disease.

Understanding the complex structure-function relationship in the nervous system, both in healthy
and pathological conditions, is a key challenge in modern neuroscience. The comprehensive
mapping of neuronal connections in biologically relevant neuronal circuits represents an
important step towards bridging this gap. The present work focused on the detection and further
characterization of neuronal interactions at the mesoscopic level from in vitro electrophysiology
recordings. Modern electrophysiological tools provide multi-neuronal activity data at
unprecedented temporal and spatial resolutions, thereby revealing functional and/or effective
connections down to the single-cell level. A novel correlation-based algorithm was herein
proposed for the reconstruction of the detailed wiring diagram of neuronal circuits from spike
train data. Significant excitatory and inhibitory connections are detected by quantifying the
deviation of the normalized distribution — density histogram — from the expected theoretical
distribution for two independently firing units. Information about the confidence of the
connection, its latency and direction are extracted from the density histogram, and summarized in
informative and intuitive visual representations of neuronal connectivity. The algorithm was
successfully validated with synthetic spike train data obtained from computational neuronal

simulations for different types of connections. The detection of significant interaction was highly
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dependent on the level of activity of the firing units, with higher firing rates providing a faster
convergence to the real confidence level of connection. The algorithm was further tested on real
experimental data and revealed to be effective at identifying the imposed structure by microfluidic
compartmentalization. Going a step further, a real-time implementation of such computational
analysis methods was proposed. Connectivity information was successfully extracted from

electrophysiological activity in “real-time” for 60-channel microelectrodes.

Even though there are still limitations in this framework, this work provides a set of tools that can
be further refined to efficiently deal with increasing number of neurons/electrodes recorded from
state-of-the-art high-density probes. Most importantly, these approaches pave the way for

connectivity-informed approaches in electrophysiology.

6.1 Future work

The present work proposes a novel computational framework for inferring neuronal connectivity
in biological neuronal networks from multi-site electrophysiology recordings in real-time.

However, there are still many open challenges and new opportunities for further improvements.

First, concerning the neural recording data from which neuronal connectivity is inferred, single-
cell resolution is not feasible using conventional electrophysiology tools. Several neuronal units
contribute to the electrical signals recorded by each individual electrode within microelectrode
arrays. Therefore, interactions between electrodes may result from multiple synaptic connections
between nearby individual neurons, which can potentially hide relevant effects. Automated spike
sorting algorithms could be integrated into the data processing pipeline to extract single-neuron

activity and, thus, estimate neuronal connections among individual neuronal cells.

Regarding the algorithm developed, cross-correlation metrics are informative and easy to
interpret, but they are unable to capture non-linearities and do not allow to distinguish direct and
indirect effects between neuronal elements. In some contexts, combining other model-based
approaches may be appropriate to reconstruct complex traits of neuronal networks. Moreover,
further characterization of network architecture based on graph theory metrics could be interesting
addition to the pipeline, providing information on commonly found network elements (e.g, hubs)

and motifs.

The connectivity inference framework is highly dependent on the level of activity exhibited by
the neuronal culture. However, in vitro cultures not always present the ideal conditions for
inferring neuronal connectivity — high firing rates. Optogenetic and stimulation protocols could

be designed to achieve better experimental conditions and reveal the structure of neuronal circuits.
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However, this should be done carefully since stimulation can induce neuroplasticity phenomena

in neuronal networks and drastically change their dynamics.

Another limiting aspect of this work is the scalability of the computational methods. Since a
pairwise comparison between all possible combinations of neurons/electrodes is used to detect
putative connections, computational time scales with an increase in the number of neuronal
elements. Considering the state-of-the-art technologies featuring high-density recording
capabilities, data processing, especially in real-time, would be compromised. In this work, the
proposed pipeline was implemented in the MATLAB environment. However, other programming
language, such as C/C++, should be considered to enhance the performance of the proposed

pipeline.
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