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‘The real challenge of human biology, beyond the task of finding out how genes orchestrate the

construction and maintenance of the miraculous mechanism of our bodies, will lie ahead as we

seek to explain how our minds have come to organise thoughts sufficiently well to investigate our

own existence.’

J.C. Venter
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Abstract

The human brain can recreate images by combining parallel streams of information emitted
by about one million retinal ganglion cells (RGCs). RGCs exhibit an astonishing functional,
anatomical, and molecular diversity and their preference for particular features of the visual scene
(contrast, motion, etc.) can be attributed to synaptic connectivity patterns from upstream retinal
circuits as well as intrinsic characteristics (such as gene expression, morphological features,
membrane properties). However, how these different attributes give rise to distinct functional
groups is still largely unknown. In this thesis, we investigated the functional properties of specific
RGCs subgroups, sharing gene expression, by applying experimental and theoretical approaches
to control their neuronal activity using pharmacogenetics. We hypothesised that modifying their
activity may not only affect their individual response but also their concerted activity, thereby
elucidating their role in population encoding of visual scenes.

To explore this hypothesis, we worked on three main axes:

1. General response characterisation of RGCs in control condition and when their activity is
altered through pharmacogenetics.

2. Development of a mathematical model, constrained by empirical data, to unravel the circuit
wiring underlying functional diversity.

3. Large-scale simulations of the model on Macular, a novel simulation platform, to explore
retinal behaviour to complex stimuli.

In this context, we analysed light responses recorded from mouse RGCs and we identified
distinct cell types that respond in diverse patterns when their activity is pharmacologically
modified. We hypothesised that these various response patterns may arise from lateral interactions
between the different RGC types. We tested this hypothesis by means of model definition,
mathematical analysis, and numerical simulations and illustrated the role of connectivity patterns
in the behaviour of the system. Taken together, our work suggests possible physiological
mechanisms underlying the variability of RGCs responses with an emphasis on the role of lateral
connectivity on the retinal response.

Keywords : Retina, modelling, simulations, connectivity.
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Résumé

Le cerveau humain peut recréer des images en combinant des flux parallèles d’informations
émis par environ un million de cellules ganglionnaires rétiniennes (RGCs). Les RGCs présentent
une étonnante diversité fonctionnellé, anatomique et moléculaire et leurs préférences pour des
caractéristiques particulières d’une scène visuelle (contraste, mouvement, etc.) peuvent être
attribuées aux modèles de connectivité synaptique des circuits rétiniens amont ainsi que des
caractéristiques intrinsèques (telles que l’expression des gènes, les caractéristiques morpholo-
giques, les propriétés membranaires). Cependant, la manière dont ces différents attributs donnent
naissance à des groupes fonctionnels distincts est encore largement inconnue. Dans cette thèse,
nous avons étudié les propriétés fonctionnelles de sous-groupes spécifiques de RGCs, partageant
l’expression de certains gènes, en appliquant des approches expérimentales et théoriques pour
contrôler leur activité neuronale en utilisant la pharmacogénétique. Nous avons émis l’hypothèse
que la modification de leur activité peut non seulement affecter leur réponse mais aussi leur
activité collective, soulignant ainsi leur rôle dans le codage de scènes visuelles effectué au niveau
de populations neuronales.

Pour explorer cette hypothèse, nous avons travaillé sur trois axes principaux :

1. Caractérisation générale de la réponse des RGCs en condition de contrôle et lorsque leur
activité est altérée par la pharmacogénétique.

2. Développement d’un modèle mathématique, contraint par des données empiriques, pour
explorer la structure des circuits sous-tendant la diversité functionelle.

3. Simulations à grande échelle du modèle sur Macular, une nouvelle plate-forme, dont le but
est d’explorer le comportement rétinien à travers des stimulations visuelles complexes.

Dans ce contexte, nous avons analysé les réponses lumineuses enregistrées à partir des
RGCs de souris et nous avons identifié des cellules des types distincts qui répondent de diverses
manières lorsque leur activité est pharmacologiquement modifiée. Nous avons émis l’hypothèse
que ces divers modèles de réponse peuvent résulter d’interactions latérales entre les différents
types de RGCs. Nous avons testé cette hypothèse au moyen de la définition du modèle, de
l’analyse mathématique, et des simulations numériques et avons illustré le rôle des modèles
de connectivité dans le comportement du système. Nos travaux suggèrent des mécanismes
physiologiques possibles sous-tendant la variabilité des réponses des RGC en mettant l’accent
sur le rôle de la connectivité latérale sur la réponse rétinienne.

Mots clés : Rétine, modelisation, simulations, connectivité.
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Chapter 1. Introduction

Philosophers have likened the eyes to windows to the soul long before scientists realised that

they are also windows to the brain (London et al., 2013). Eyes offer us the gift of sight, one of

the most fundamental amongst our senses: it is estimated that 80% of what we perceive comes

through the sense of sight. They enable us to perceive colours, shapes, patterns and movements,

thereby becoming windows to the world around us. The �rst steps in the process of vision start

in the retina, which receives the light that the cornea and lens have captured from different parts

of the visual scene, converts it into electrical signals in the form of action potentials (spikes),

and transmits these signals to the brain visual areas. Amazingly, the human brain can recreate

images from combining and interpreting the �reworks of about one million retinal ganglion

cells (RGCs), the sole retinal output neurons. This ability is partially due to the astonishing

functional, anatomical and molecular diversity of the RGCs, with each cell type extracting a

particular feature of the visual scene, such as contrast, motion, colour, etc. (Wässle, 2004;

Masland, 2012a).

It has been proposed that at the heart of the observed response diversity in RGCs lies a

dynamic balance of synaptic excitation and inhibition, originating from the interactions of

upstream neurons (Demb et al., 2015). Previous studies have thus attempted to investigate

how the inner retinal neurons are organised into parallel circuits across different cell types and

converge onto RGCs (Wässle, 2004; Gollisch et al., 2010). This has been studied extensively at

the level of bipolar cells, leading to a fairly good understanding of their function (Euler et al.,

2014). Other studies have investigated the functional role of amacrine cell (ACs) types in retinal

processing (Asari et al., 2012; Franke et al., 2017a; Diamond, 2017), suggesting either speci�c

functions such as direction selectivity (starbust ACs) or more general computations, like motion

anticipation (Berry et al., 1999; Souihel et al., 2021). Nevertheless, how exactly the diverse RGC

responses emerge from the contributions of the inner neurons, and in particular, how AC types

shape the RGC output, is still largely unknown (Baccus, 2007).

Tackling this challenge is the aim of this thesis, carried out as part of the Leverhulme Trust

funded project "A novel approach to functional classi�cation of retinal ganglion cells", under

the joint supervision of Dr. Cessac (Université Côte d'Azur, Inria, France), Prof. Sernagor

(Biosciences Institute, Newcastle University, UK) and Dr. Hilgen (Health & Life Sciences,

Northumbria University, UK). It is mainly a computational thesis that revolves around a novel

experimental approach based on the ability to pharmacologically control the neural activity

in speci�c subgroups of RGCs, which share gene expression, using pharmacogenetics. Our

main hypothesis is that modifying the activity of these subgroups of RGCs may not only affect

their individual responses but also their concerted activity to different stimuli. This relies on

the fact that RGCs do not only act independently conveying local spatio-temporal information,

1



Chapter 1. Introduction

but they also encode information at a population level, as they interact indirectly via lateral

connectivity provided by ACs. Based on this hypothesis, we raised the following questions:

How does the pharmacological alteration of neural activity of individual retinal cells affect

the retinal response to visual stimuli? What insights can these effects provide with regards to

the circuit wiring underlying the functional diversity of retina cells?The research presented in

this thesis attempts to address these questions on experimental, modelling and computational

grounds, giving different and complementary answers.

First, we analysed the light responses recorded from mouse RGCs and identi�ed distinct cell

types on the basis of their responses to diverse stimuli. Then, we employed a simple mathematical

model in order to �t the experimental data and compute multiple response characteristics. Finally,

we explored the general response properties of these RGCs at the single-cell level and compared

them between control conditions and when their activity is altered through pharmacogenetics.

Our data analysis highlights the variability of response patterns and implicates the role of lateral

interactions between RGCs as a potential underlying mechanism.

Next, we developed a mathematical model of the retina, based on biophysics, which obeys

three basic principles: (1) It is simple, yet useful and biologically plausible, to account for a

realistic structure and functionality similar to the experimental setup; (2) It is mathematically

tractable, to infer potential underlying mechanisms that explain the experimental observations;

(3) It is predictive, to anticipate effects and responses to complex stimuli, potentially involving

network contributions. The model allows us to design local retinal circuits and connect them

laterally (via ACs), thus sharing local information and interacting dynamically. It also accounts

for dynamics of different cell types, that are potentially sensitive to pharmacological manipulation.

The mathematical analysis of the model's dynamics illustrates the role of the characteristic times

and synaptic weights in the behaviour of the system. In addition, model simulations in 1D

demonstrate how the lateral connectivity via ACs can induce a variety of response patterns at the

output of the retina in different experimental conditions.

Finally, we contributed to the development of Macular, a novel large-scale simulation platform

of the response of the early visual system to visual stimuli or electrical stimulation, across a

range of scenarios, spanning the healthy, developmental and diseased states. In the context of

this thesis, Macular allows us to perform large-scale simulations of our model in 2D, to mimic

the experimental setup and reproduce experimental responses to speci�c stimuli, and ultimately

to explore retinal behaviour to complex stimuli. Numerical simulations lay emphasis on the role

of connectivity on the retinal output, which manifests itself as a propagating wave of activity to

the response to moving stimuli.
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Chapter 1. Introduction

Outline

The rest of this thesis is organised as follows: in Chapter 2 we start with an overview of the early

visual system and then, we focus on a review of the current knowledge of the retina in terms of

structure, functionality and modelling. Afterwards, we inspect the literature about RGCs and

their classi�cation challenges.

The next three chapters can be considered stand-alone in the sense that they contain methods

and results, yet they mutually rely on each other and each is a piece of the puzzle. Chapter 3

starts with a brief presentation of the experimental pipeline and then, describes the methods used

for the experimental data analysis. We end the chapter with observations and questions that will

be later addressed on modelling and computational grounds. In Chapter 4, we introduce the

retina model we have developed in order to explain the experimental observations and, based

on mathematical analysis of its dynamics and simulations, we propose potential underlying

mechanisms. In Chapter 5, we introduce Macular, that is used to implement on a large-scale the

model presented in the previous chapter and study the retina response to complex 2D stimuli.

Finally, we summarise and draw conclusions in Chapter 6.
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Chapter 2. Background

The aim of this chapter is to provide the necessary elements for the reader to follow the ideas

of this thesis. The chapter starts with a brief description of the early visual system, in order to

situate the role of the retina in a wider context of visual processing. Then, section 2 presents the

general properties of the retina in terms of architecture, physiology and modelling, followed by a

description of the RGCs, the sole output neurons that connect the retina to the brain. Finally, we

review the challenges in classifying RGCs.
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Chapter 2. Background

2.1 Overview of the Early Visual System

Vision is the most fundamental of our senses and visual processing involves some of the most

complex neural networks in the vertebrate central nervous system. "A glance is suf�cient to

describe the shape, colour, size, texture, and location of objects and, if the objects are moving,

their direction and speed, over a broad range of light intensities from the dim starlight to bright

sunlight." (Purves et al., 2001). The visual system comprises mainly the eyes, the Lateral

Geniculate Nucleus (LGN) and the visual cortex (Fig. 2.1).

The �rst steps in vision start in the eye, which receives physical stimuli in the form of light

and transduces it via the retina into electrical and biochemical signals. Then, these electrical

signals, in the form of spike trains, travel through the optic nerve towards the LGN, and then to

the primary visual cortex, where they are interpreted in order to construct visual images.

Besides the LGN, there are several other brain areas that receive direct projections from the

retina, including the superior colliculus, the pulvinar complex, the olivary pretectal nucleus, the

supraoptic nucleus of the optic tract, the paraventricular nucleus, the suprachiasmatic nucleus,

and the dorsal raphe nucleus (Wikipedia contributors, 2022).

Figure 2.1. Structure of the human visual system . A basic representation of the visual
system comprising the retina, the LGN and the visual cortex (Sarrabezolles et al., 2017).

2.2 The Retina

The retina is the main entry point to our visual system, allowing us to perceive the beautiful

world around us and mediating most of our learning and cognitive activities. Located at the back

of the eye, this thin neural tissue transforms the visual information entering the eye into neural

signals that then conveys to various brain regions, via the optic nerve. Besides this basic sensory

function, the retina plays an important role in the initial pre-processing of visual information
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Chapter 2. Background

and engages in a great deal of elaborated tasks, from light/contrast adaptation to the selective

computation and encoding of speci�c stimulus features - in contrast to a mere pre-�lter, an

outdated textbook view of the retina. Many of these computations, such as detection of direction,

orientation and object motion just to name a few, emanate from the actual challenges that many

animals face in their natural environments: to detect a moving object and locate it correctly in

various light conditions; to predict the future and adapt to varying visual environments (Gollisch

et al., 2010). Thus, the downstream areas in the brain receive a collection of features extracted

from the visual scene. But how this is achieved by the retina is still a matter of active research.

Over the years, many researchers from various disciplines have been drawn into its spell and

try to understand retinal processing and the underlying neural mechanisms. In the following sec-

tions, we review the current knowledge of the retina in terms of anatomical structure, physiology

(function) and computational modelling. We focus on the vertebrate retina as much of this

intricate information is conserved across species, yet we should keep in mind that numerous

differences exist.

2.2.1 A multi-layered architecture

The retina is organised in an inverse layout and comprises �ve major neuronal classes. The

cell bodies of these neurons are stacked in three alternating cellular layers interconnected by

two synaptic layers. In the outermost layer (Outer Nuclear Layer or ONL), against the pigment

epithelium and choroid, lie the photoreceptors, while in the innermost layer (Ganglion Cell

Layer or GCL), near the front of the eye, are the ganglion cells (Purves et al., 2001). In between,

the Inner Nuclear Layer (INL) hosts the bodies of bipolar, horizontal and amacrine cells. A

simpli�ed view of the complex structure of the retina can be seen at Figure 2.2.

Figure 2.2. The structure of the retina . (Adapted from LifeMap Sciences, Inc. - Discovery)

Light follows a vertical excitatory pathway from photoreceptors to bipolar cells and onwards

to ganglion cells. Due to the inverse layout, light must travel through the thickness of the retina
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Chapter 2. Background

before striking and activating the light-sensitive photoreceptors. Subsequently, the absorption

of photons by the visual pigment of the photoreceptors initiates a cascade of biochemical and

electrical events that is then transmitted to bipolar cells and is modi�ed by the inhibitory feedback

of horizontal cells. This takes place in the �rst synaptic layer, the Outer Plexiform Layer (OPL).

In the second synaptic layer, the Inner Plexiform Layer (IPL), bipolar cells send signals to

ganglion cells, and this transmission is modulated by the predominately inhibitory inputs of

amacrine cells. The role of amacrine cells is complex as they receive input from bipolar cells and

other amacrine cells, and they provide feedback to bipolar cells and ganglion cells. Finally, the

feed-forward and lateral �ow of the signals in the retina generates multiple neural circuits that

operate in parallel and eventually converge onto ganglion cells (Wässle, 2004; Demb et al., 2015;

Baden et al., 2018). Hence, ganglion cells receive and integrate signals typically across many

different bipolar and amacrine cells. They are the sole output of the retina and unlike the other

retinal neurons that communicate via graded potentials, ganglion cells emit action potentials that

travel to the brain via their long axons that form the optic nerve.

To unravel the retina, we need to investigate its constituent parts - the cell types from which

its complex circuitry is made and understand how their properties and synaptic connections give

rise to diverse functions and behaviours. Before presenting the different neuronal classes in more

detail, it is interesting to note that each of these cell types can be further divided into multiple

sub-types (Fig. 2.3).

Photoreceptors Photoreceptors are light-sensitive neurons that are capable of visual phototrans-

duction, i.e. the process by which light is converted to electrical signals. There are two sub-types

of photoreceptors: rods and cones. Rods are sensitive to dim light and thus are specialised in

scotopic (night) vision, whereas cones are sensitive to bright light and thus more involved in

photopic vision. They are sensitive to colours and the opsin that they contain determines the

colour to which they respond. At intermediate light levels, both types are active.

Both rods and cones hyperpolarise when they detect light, releasing the excitatory neurotrans-

mitter glutamate and conversely, they are depolarised in darkness, thereby reducing glutamate

release. Basically, glutamate acts as a messenger that transmits signals from photoreceptors to

horizontal and bipolar cells.

Horizontal cells Horizontal cells are inhibitory inter-neurons that modulate the signal transmis-

sion from photoreceptors to bipolar cells. They have AMPA and glutamate receptors, and thus

depolarise in the absence of light, which is triggered by the release of glutamate by photore-

ceptors. Moreover, they provide inhibitory feedback to photoreceptors, yet it's still not clear

whether they also in�uence bipolar cells directly or they do so via the feedback mechanism

onto photoreceptors (Masland, 2012a). They are also thought to play an important role for the

surround property of the receptive �eld of ganglion cells, hence enhancing edge detection (Demb

et al., 2015).
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Figure 2.3. Neuronal diversity in the retina . The �ve major retinal neuronal types and
their sub-types. (Schreyer, 2018).

Bipolar cells Due to their strategic position, bipolar cells act as a `turntable' between OPL

and IPL (Wohrer et al., 2009). They receive glutamatergic input from photoreceptors, which is

mediated by the inhibitory input from horizontal cells and convey visual information to amacrine

and ganglion cells through glutamate release.

Two basic types of bipolar cells can be identi�ed based on the type of photoreceptor to which

they connect, rod bipolar cells and cone bipolar cells. Then, depending on the type of receptor

they express, cone bipolar cells can be divided into ON and OFF bipolar cells. The former

express metabotropic glutamate receptors and hyperpolarise after glutamate binding and the

latter express ionotropic glutamate receptors and depolarise after glutamate binding. This means

that in the dark, photoreceptors will depolarise and release glutamate, which will inhibit the

ON bipolar cells and excite the OFF bipolar cells. On the contrary, the onset of light causes

the hyperpolarisation of photoreceptors and the decrease of glutamate release. This initiates

a cascade that will �nally activate the ON bipolar cells and hyperpolarise the OFF bipolar

cells. Bipolar cells can be further subdivided into at least 13 sub-types based on morphology,
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physiology and synaptic connectivity and each of them forms speci�c information pathways that

encode stimulus properties in parallel (Euler et al., 2014).

Amacrine cells Amacrine cells are inter-neurons that work laterally akin to the horizontal cells

and mediate the feed-forward pathway from bipolar to ganglion cells. In particular, their role

is manifold: to integrate and modulate the signals from many bipolar cells and other amacrine

cells, to provide feedback to bipolar cells and to transmit visual information to ganglion cells.

Most of them are inhibitory and release two types of neurotransmitters: GABA and glycine.

Moreover, amacrine cells form the most heterogeneous retinal class, and although little is

know about their complex morphology and function, they are considered as one of the main

players in the functional diversity of the retinal output (Masland, 2012b). The latest estimation

counts up to approximately 60 different types in the mouse retina (Yan et al., 2020).

Ganglion Cells Ganglion cells are the output neurons of the retina and their axons make up the

optic nerve. About 1.2 million ganglion cells in the human retina (45,000 in the mouse) integrate

the visual signals transmitted by the upstream neurons and carry them to the brain. In particular,

ganglion cells receive excitatory glutamatergic input from bipolar cells and primarily inhibitory

GABAergic or glycinergic inputs from amacrine cells and encode this information in the form of

trains of spikes.

Furthermore, there is remarkable diversity within this neuronal class and different sub-types

extract distinct features from the visual scene and project to different sites within the visual

system (Sanes et al., 2015). Currently, more than 40 types with unique morphological, functional

and genetic properties exist in the mouse retina (Baden et al., 2016).

2.2.2 General functional characterisation

In order to understand how such an intricate structure gives rise to an array of diverse functional-

ities, we need to study the retinal output. Here, we review the general characteristics of retinal

�ltering, as measured from the recorded light-driven responses of ganglion cells; namely, the

response polarity, the receptive �eld, and the temporal behaviour.

Response polarity

The pioneering work of H.K. Hartline on the electrical recordings of the responses of single

ganglion cell axons of the optic nerve revealed diverse patterns of discharges of impulses

(Hartline, 1938). Speci�cally, he found that ganglion cells could be divided in three functional

classes: the ON cells that responded to the onset of the light, the OFF cells that responded to

the offset of the light, and, the ON-OFF cells that responded both when the light was turned

on or off. Later on, Werblin and Dowling's work on the recordings of bipolar cells responses

in the salamander retina uncovered that bipolar cells also exhibit an ON/OFF polarity (Werblin
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et al., 1969). Almost a decade later, Famiglietti and Kolb showed that ganglion cells' preference

in polarity originates from bipolar cells polarity (Famiglietti et al., 1976). According to their

�ndings, ON ganglion cells receive excitatory inputs from ON bipolar cells, OFF ganglion

cells receive excitatory inputs from OFF bipolar cells and ON-OFF ganglion cells presumambly

aggregate responses from both ON and OFF bipolar cells.

The receptive �eld

Another major contribution of H.K Hartline to the study of the retina, was the introduction of the

term receptive �eld. Initially coined by Sherrington (1906) as the area of a dog's skin from which

a scratch re�ex could be elicited, Hartline extended the term to single neurons from the frog

retina and de�ned it as the region of visual space which must be illuminated to elicit an electrical

response in a retinal ganglion cell. As he so eloquently said: "responses can be obtained in a

given optic nerve �ber only upon illumination of a certain restricted region of the retina, termed

the receptive �eld of the �ber" (Hartline, 1938). Later on, Kuf�er discovered the center-surround

antagonistic organisation of the receptive �eld, by �ashing small spots in different regions of

the receptive �eld of ganglion cells (Kuf�er, 1953). Depending on the location of the spot

within the ganglion cell's receptive �eld, he recorded ON, OFF or ON-OFF responses, which

he attributed to the existence of two regions (central and surrounding) sensitive to the opposite

polarity. Barlow extended Kuf�er's �ndings by presenting spots of different sizes to cells and

demonstrating how a bigger spot might decrease the response (Barlow, 1953). Consequently,

these studies suggested that ganglion cells are able to detect spatial contrast, such as object edges.

Few years after, Barlow and colleagues also showed that a moving stimulus can elicit strong

responses in one direction (preferred), but not in the opposite direction (null), by moving small

spots of light across parts of the receptive �eld of these cells (Barlow et al., 1965). In addition to

a preferred direction of movement, these cells may also exhibit preferred speeds of movement.

Other studies have also explored the colour opponent properties of the centre and surround

regions, investigating how ganglion cells respond to coloured stimuli (Kolb et al., 1995).

The center–surround antagonism arises from the inputs of many upstream neurons both in

a feed-forward and lateral manner and allows ganglion cells to transmit information about the

differences of the cells responses between the centre and surround of their receptive �eld. The

centre region could be attributed to the in�uence of photoreceptors and bipolar cells, while for

the shaping of the surround synaptic interactions in the OPL (via horizontal cells) and in the IPL

(via amacrine cells) have been shown to contribute to the phenomenon (Demb et al., 2015).

Temporal behaviour

Not long after Kuf�er, Cleland grouped ganglion cells into two classes on the basis of their

temporal kinetics: transient cells that respond very brie�y to light and sustained cells that respond

for longer time (Cleland et al., 1971). Since then, several potential underlying mechanisms have
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been proposed to account for this phenomenon, such as selective synaptic inputs from bipolar

cells, regulation from amacrine cells, or intrinsic cell properties just to name a few, yet the

transient/sustained dichotomy is still controversial (Zhao et al., 2017). According to the same

study, a unique set of mechanisms for each cell type appears to be responsible for the different

temporal behaviour.

2.2.3 Computational models of neural encoding

Even though we now have a relatively good understanding of retina's anatomy and physiology,

how exactly the retinal circuitry processes visual information remains poorly understood. Com-

putational neuroscience employs mathematical models, theoretical analysis and simulations

to unveil general principles underlying neural information processing. Basically, by placing a

problem in a modelling framework we aim at understanding what the nervous systems do, how

they function and why they operate in particular ways (Dayan et al., 2001).

Computational models may be broadly classi�ed into three main categories :

• Descriptive or phenomenological models:address the "what" question, by attempting

to �t large amounts of experimental data in a compact yet accurate manner. Their main

objective is to describe phenomena, rather than explaining them and thus, can be based

loosely on biophysical, anatomical, and physiological elements.

• Mechanistic models: address the "how" question and seek to describe the underlying

mechanisms of the neural system on the basis of known anatomy, physiology, and circuitry.

• Interpretive models: address the "why" question by employing information-theoretic and

computational approaches in order to investigate how behaviour and cognition arises from

the neural circuitry.

A �rst question that often arises in scienti�c research is:What is the phenomenon that I

am observing?Descriptive or phenomenological models are employed to outline an abstract

characterisation of the phenomenon, without necessarily focusing on the characteristics that

de�ne it. Such models in the �eld of neuroscience could address questions like:What information

is encoded in neurons and networks?This type of models have become quite popular due to

their simplicity and ef�ciency to �t to experimental data and explain observations, such as the

linear �lter models for the receptive �eld of sensory neurons, or the integrate-and-�re model for

modelling the membrane dynamics of neurons, or black-box convolutional neural networks of

retinal function. However, these models are agnostic to the biophysical details that underlie the

input-output transform of the visual system.

After addressing the "what" question, one might ask:How does the phenomenon emerge?

Mechanistic models are employed to explain the phenomenon, taking into consideration the

elements forming the system and their interactions. Again, in the context of neuroscience, we can
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address questions like:How can we reproduce the response of a single neuron or a network of

neurons?These models usually exhibit a direct relationship between the underlying biophysics

of neurons and the parameters of the model. For example, the classic Hudgkin-Huxley model

shows how an action potential can be generated by the interactions between the membrane

potential dynamics and the �ow of ionic currents across the membrane (Hodgkin et al., 1952).

Lastly, one might ask:Why does the phenomenon exist?or, Why does it operate in such

a way?Interpretive models are employed to explain the phenomenon in terms of its function.

Questions like:Why does the brain operate they way it does?can be addressed with this type of

models.

Let us now provide a practical example of how these three types of models can be used when

trying to represent the receptive �eld of a neuron. A descriptive model of a retinal receptive �eld

attempts to capture and describe its behaviour. Consider, for example, an on-centre, off-surround

RGC that is excited when a light spot is in the centre of its receptive �eld, while it is inhibited

when the surround is illuminated. The Difference of Gaussian (DOG) model is an example of a

descriptive model, which describes the circular, center-surround structure of the ganglion cell's

receptive �eld as a �lter. Next, a mechanistic model of an oriented cortical (primary visual cortex

- V1) receptive �eld attempts to understand how it emerges from the contributions of center-

surround receptive �elds. Hubel and Wiesel suggested that the receptive �elds in simple cells of

V1 arise from converging LGN inputs (center-surround receptive �elds) to achieve orientation

selectivity (Hubel et al., 1959). Finally, an interpretive model addresses the question:Why are

the receptive �elds in V1 shaped like that?For example, predictive coding models postulate

that the brain is constantly engaged in predicting its upcoming states and thus, certain receptive

�eld properties could be an emergent mechanism of the cortex using an ef�cient hierarchical and

predictive strategy for encoding natural images (Rao et al., 1999).

So, what is a good (and useful) model ? To answer this question, one needs to take into

consideration �rst, the available experimental observations, second, how well the model captures

the main effects of the question we aim to address (i.e. accuracy when describing observa-

tion/data) and third, if the model can provide biological insights about the system under study.

Consequently, two fundamental concepts emerge; namely the identi�ability and intepretability of

a model. The �rst indicates whether the model parameters can be identi�ed from the experimental

data, and depends on the experimental design, the available data (quality and quantity) and the

model structure (assumptions and simpli�cations). The second deals with having a structure

with variables and parameters with physical meaning. Identi�ability analysis is therefore a key

tool that can be used to assess the usefulness of a model and can provide guidelines on how to

simplify the model or how to design informative experiments that can enhance the predictive

power of the model (Muñoz-Tamayo et al., 2018; Anstett-Collin et al., 2020; Wieland et al.,

2021).
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2.3 From the Retina to the Brain: Retinal Ganglion Cells

Retinal ganglion cells (RGCs) serve as the bridge between the retina and the brain, conveying

highly processed and integrated signals from the upstream retinal neurons to downstream visual

processing cortical areas, thereby contributing not only to visual perception, but also to our

physiology and circadian behaviour (Baden, 2020). Their axons form the optic nerve and transmit

spatio-temporal information about a visual scene in the form of spike trains.

RGC's response is driven by two controllers (Figure 2.4): 1) The output of the bipolar cell

that includes both the intrinsic response properties of the bipolar cell (input from photoreceptors)

and the actions of amacrine cells upon the bipolar cell (lateral connectivity between the bipolar

cells). 2) The direct input from amacrine cells via chemical synapses or gap junctions, helping

spike synchrony between neighbour RGCs (Masland, 2012b). Thus, the spike encoding of a

visual scene contains local information, that can be read in the spike emitted by a single RGC

(�ring rate, latency of the �rst spike), as well as non-local information provided by lateral

connectivity, encoded in the RGCs' spatio-temporal spike correlations deciphered by the brain.

How precisely this complexity is encoded in the spike trains produced by the RGCs, strongly

depends on their remarkable diversity.

Figure 2.4. Schematic drawing of connections between the basic cell classes . The
neurons in the retina are connected through chemical synapses that are either excitatory (closed circles)
or inhibitory (open circles). Additionally, cells are electrically coupled via gap junctions across some
types of cells (resistor symbol). This general connectivity sets the framework for any speci�c retinal
microcircuit (Gollisch et al., 2010).

2.3.1 Why so many?

RGCs exhibit astounding morphological, functional and genetic diversity. At present, there are

at least 40 different sub-types of RGCs in the mouse retina (Baden et al., 2016; Tran et al., 2019).
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Each sub-type tiles the retinal surface and provides a complete coverage of the visual �eld, with

varying degrees of overlap (Wässle, 2004; Masland, 2012a). So why does the retina need so

many different sub-types?

The wealth of RGCs diversity gives rise to the notion of RGCs as "feature detectors". Each

sub-type interprets different features of the visual scene, thanks to the integration of visual

information from afferent, parallel circuits related to speci�c tasks, such as light intensity or

contrast adaptation, motion detection, orientation, motion direction etc. (Masland, 2001; Wässle,

2004; Azeredo da Silveira et al., 2011). Therefore, the brain receives a stream of spikes emitted

by almost 1.2 million (in the human retina) of parallel channels, each conveying a piece of

information about our external world (Fig. 2.5).

Early studies, exploring this idea, have grouped RGCs into ON, OFF, or ON-OFF based on

their responses to light spots given at the centre of their RFs (section 2.2.2). Further studies

identi�ed many different types of RGCs based on their RF properties when presenting stationary

or non-stationary stimuli. For example, direction selective cells (ON or OFF or ON-OFF)

respond strongly to either bright or dark object or both, moving in one particular direction and

sparsely in the opposite direction within their RFs. Orientation selective RGCs are selective

for either horizontal or vertical orientations of stationary or moving bar. Local edge detectors

RGCs respond to objects that fall entirely within the centre of their RFs. If a wider object is

moving through their entire RF, then these cells wouldn't respond. There are many more known

sub-types, but a detailed review (Sanes et al., 2015) is out of the scope of this thesis.

2.3.2 RGCs classi�cation: a contemporary challenge

A RGC type consists of several neurons that perform a task in a different way from other neurons.

However, investigating RGC classi�cation from a functional perspective is a challenging task.

Single cell recordings are limited in throughput and calcium imaging techniques improve

the yield, but have their own limitations (e.g. barren of temporal resolution to characterise

precise information on spike timing). On the other hand, multi-electrode arrays allow electrical

recordings from many RGCs simultaneously with high temporal resolution.

Basic classi�cation schemes group RGCs based on their responses to light (e.g ON, OFF

or ON-OFF, transient or sustained, see 2.2.2). More sophisticated functional schemes, have

identi�ed more than 30 cell types (Vaney et al., 2002; Zhang et al., 2012; Baden et al., 2016; Jouty

et al., 2018). Moreover, a RGC type can be further de�ned upon three criteria: 1) morphology 2)

shared gene expression 3) mosaic arrangement (Sanes et al., 2015). Anatomical classi�cations

suggest around 20 cell types (Rockhill et al., 2000; Sun et al., 2002; Kong et al., 2005; Coombs

et al., 2006; Völgyl et al., 2009), whereas more recent studies have found up to 50 types on the

basis of shared gene expression (Sümbül et al., 2014; Rheaume et al., 2018; Laboissonniere

et al., 2019; Tran et al., 2019). Last but not least, there have been efforts to combine multiple
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Figure 2.5. Parallel processing in the retina . Each RGC sub-type has an afferent circuit
related to a speci�c task. These circuits involve sub-types from other retinal classes as bipolar and
amacrine cells (Azeredo da Silveira et al., 2011).

criteria (Wang et al., 2016; Pisano et al., 2017), with the more recent one to identify 24 RGCs'

types with dense anatomy and physiology (Bae et al., 2017).

RGCs classi�cation has puzzled researchers for a long time because it is dif�cult to include

all aspects in the same study and requires combining data with high-resolution anatomical,

functional and genetic information. (Seung et al., 2014; Sanes et al., 2015).

A novel classi�cation approach

The Leverhulme funded project "A novel approach to functional classi�cation of retinal gan-

glion cells" intends to tackle the RGCs classi�cation challenge both at an experimental and a

computational level, and unravel their role in the encoding of visual scenes, both at the single

cell and population level. It proposes a novel, interdisciplinary approach for classifying RGCs

into different functional groups on the basis of common gene expression using pharmacogenet-

ics combined with immunohistochemistry, large-scale retinal electrophysiology and modelling

(Hilgen et al., 2022).

The experimental approach consists of several successive steps. First, the spike �ring
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frequency is increased in RGCs co-expressing a certain gene (Grik4 or Scnn1a) using pharma-

cogenetics in order to single out activity originating speci�cally from these cells. Their spike

location is then combined with post hoc immunostaining, to unequivocally characterise their

anatomical and functional features. Then, these isolated RGCs are grouped into multiple clusters

based on spike train similarities. The ultimate outcome of this approach is an extension of

the pre-existing list of Grik4-expressing RGC types to a total of eight and, for the �rst time, a

phenotypical description of 13 Scnn1a-expressing RGCs.

These Grik4 and Scnn1a clusters were cross-referenced, whenever possible, to known and

established functional types from the literature (Farrow et al., 2013), (Baden et al., 2016),

(Krieger et al., 2017), (Johnson et al., 2018), (Tran et al., 2019), on the basis of their response

polarity (e.g. ON, OFF), response duration (transient or sustained) and response preference

(direction-selective, etc.). In addition, some clusters potentially resembled known alpha cell

types. Alpha RGCs can be mainly identi�ed by their morphological properties (large cell bodies,

stout axons, wide and mono-strati�ed dendritic �elds), but also by their molecular signatures

(Krieger et al., 2017). Moreover, these cells have been further described based on their responses

to light (e.g. On-sustained). Here, the potentiala RGCs clusters were identi�ed on the basis

of their spatial (larger receptive �elds), temporal pro�les (e.g ON-sustained) and molecular

properties, whereas their morphology was not taken into account.

Results of this analysis can be reviewed in detail in Hilgen et al., 2022.
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In this chapter, we describe the analysis performed on the light responses recorded from mouse

RGCs. First, we brie�y provide the essential elements needed to understand the experimental

methods. Then, we describe the analytical methods employed in order to investigate and

characterise the RGCs responses in various experimental conditions. Finally, we present the

results of the data analysis.
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3.1 Introduction

The retina has long fascinated many researchers who tried to decipher its function and intricate

structure, composed of at least 50 distinct cell types (Masland, 2001). Studying the anatomy

for more than a century, with Cajal's drawings of this marvellous neural circuit constituting a

landmark in the early stages of neuroscience (Cajal, 1893), investigating the physiology for more

than half a century and decades of modelling and simulations, have laid the groundwork for better

understanding of information processing in the retina (Baccus, 2007). From many perspectives,

the retina is an ideal system to probe the information processing mechanisms that underlie its

neuronal circuits. It can be isolated and studied on its own, with negligible feedback inputs from

other parts of the central nervous system and a complete control of visual stimulation.

Today, the rapid evolution and development of experimental methods enables neuroscientists

to perform various tasks, such as recording from hundreds to thousands of retinal ganglion cells

(RGCs) simultaneously (in vitro electrophysiology), investigating their morphological properties

(immunohistochemistry) and most recently, manipulating the neuronal activity of cells and char-

acterising their physiological properties based on shared gene expression (pharmacogenetics).

Leveraging these techniques aligns with the following objectives of the project I was involved

in: (1) Identify distinct neuronal types in the RGC layer, (2) Characterise and reverse-engineer

their function, and (3) Shed light on their role in population activity. To achieve these aims,

we investigated the functional properties of subgroups of RGCs by applying experimental and

theoretical approaches to modify their neural activity using pharmacogenetics. The experimental

part introduces a novel approach for RGC classi�cation, targeting (1) and (2), while the theoretical

side proposes a model, grounded on experiments, aiming at (2) and (3).

The computational part, which is the main focus of this thesis, revolves around the experi-

mental approach. Therefore, we will �rst provide the reader with the essential context needed

to understand the experimental pipeline (Section 3.2). Next, we will describe the data analysis

performed to �rst explore and assess the diversity of cell responses in different experimental

conditions and secondly to extrapolate information that will be later used to constrain our model

(Section 3.3 & 3.4).

Personal note During my thesis, I was very lucky to work closely with Prof. Sernagor and Dr.

Hilgen, experts in experimental neuroscience. Apart from imparting their knowledge on retinal

anatomy and physiology, they also introduced me to the experimental world, by explaining and

demonstrating the techniques used, ranging from dissecting the retina and placing it on the device,

where action potentials are recorded, to behavioural experiments on live mice. As a computer

scientist, I was fascinated by the capabilities of the experiments and I have learned a great deal

so as to (1) further my understanding of retinal physiology and anatomy, (2) develop methods to

analyse the experimental data (see Sections 3.3, 3.4), (3) propose a model of retinal activity (see

Chapter 4), and (4) performin silico experiments on Macular (see Chapter 5). Nevertheless, as
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my background is mainly computational I lack the expertise to perform experiments on my own.

Therefore, I must clarify that all the experiments have been carried out by Dr. Hilgen at Prof.

Sernagor's lab and that Section 3.2 describes the experimental pipeline.

3.2 Experimental Materials and Methods

Here, we brie�y introduce the novel multimodal methodology for RGC classi�cation, based

on pharmacogenetics combined with immunohistochemistry and large-scale retinal electro-

physiology, as presented in Hilgen et al., 2022.

Pharmacogenetics

Manipulating gene expression in speci�c cell types in the retina is an invaluable tool for under-

standing the anatomy and function of neuronal circuits. It is done by modifying or deleting a

speci�c gene, resulting in a phenotypic change linked to the speci�c protein whose synthesis

is normally under the control of that gene. In the context of our project, mice carrying speci�c

genes were engineered so that all cells that express that gene co-express an engineered version

of G-protein coupled receptors called DREADDs (Designer Receptor Exclusively Activated by

Designer Drugs). DREADDs are designed upon cholinergic muscarinic receptors that do not

respond to any endogenous ligands, but only to arti�cial “designer drugs” with no endogenous

receptors in the organism, such as clozapine-N-oxide (CNO) (Urban et al., 2015).

Figure 3.1. Designer Receptor Exclusively Activated by Designer Drugs . Left.
Neurotransmitters bind to G protein-coupled receptors (GPCRs) of the membrane, which leads to a
change in the activity of the neuron.Right. An engineered version of GPCRs, called DREADDs,
responds only to a speci�c biologically inert chemical (a designer drug), hence allowing us to control
neuronal activity. Source:https://benchling.com/pub/dreadds

DREADDs can be excitatory (hM3Dq - release of calcium from organelles leading to

increase of intracellular concentration of free calcium, leading to membrane depolarisation and

higher neuronal excitability), or inhibitory (hM4Di - opening of potassium channels, leading

to membrane hyperpolarisation and neuronal silencing). DREADDs technology is widely used

to modulate and control neural activity acutely in groups of cells sharing gene expression, thus
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enabling to pharmacologically dissect out the role of speci�c neuronal cell classes in network

activity (Roth, 2016). This powerful technique offers several advantages; namely, it is easy to

implement, simply by injecting CNO systemically, which in turn induces a prolonged systemic

effect and it is fully reversible, as the effect winds down within a few hours post-injection.

Genetic models

The experimental design is based on "Cre-Lox" recombination, a conditional gene expression

approach, resulting in DREADD expression in all cells with the same promoter gene in the

organism. Basically, the "Cre" line determines the gene that drives DREADD expression and

targets speci�c sites in a DNA molecule, known as loxP sequences (Fig. 3.3). Two mouse

lines were used in this project. One line expresses theGrik4 and the second one, theScnn1a

(non-voltage gated sodium channel, epithelial 1 subunit alpha) gene. These genes were selected

on the basis of micrographs available from the Allen Mouse Brain Connectivity Atlas (2011),

showing a relatively sparse and non-homogeneous expression across the RGC layer, thereby

suggesting area specialisation. Cre recombinase expression in the �rst mouse line is driven by

the endogenous promoter elements of the glutamate receptor, ionotropic, kainate 4 (Grik4) gene,

while the Cre-Scnn1a mice express Cre recombinase under the control of the Scnn1a (sodium

channel, nonvoltage-gated 1 alpha) promoter regions.

Figure 3.2. Wholemount micrographs of the selected genetic models . Fluorescent
RGCs expressingGrik4 ( left) andScnn1a(right) genes. Pictures from the Allen Mouse Brain
Connectivity Atlas (2011)

Cre-Grik4 or Cre-Scnn1a mice were cross-bred with �oxed mice for Gq-DREADD (excitat-

ory DREADDs) expression in Cre-expressing cells. A �oxed mouse has the gene of interest (in

our case gene for DREADD expression) sandwiched between two LoxP sequences. When such

�oxed mouse is bred with a Cre mouse (cre being on the promoter gene, in our case Grik4 or

Scnn1a), the two LoxP sequences are combined with the Cre, releasing the target gene, allowing

expression/function. In addition, the Grik4 and Scnn1a lines were crossbred with inhibitory
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DREADDs, but due to a negligible effect on RGC �ring rate the litters were not used for further

analysis. This technique was used to speci�cally express DREADDs in these two Cre-lines to

further investigate these RGC types.

Figure 3.3. A model experiment using the Cre-lox system . The premature stop sequence
present in �oxed mice is removed only from cells that express Cre recombinase when the mice are bred
together. Source: Wikipedia.

Henceforth, we will refer to Grik4-DREADD and Scnn1a-DREADD cells as Grik4 and

Scnn1a, respectively.

Immunohistochemistry

Immunohistochemistry (IHC) is a powerful technique for visualising cellular components, such

as proteins or other macromolecules, in tissue samples. This is achieved by using speci�c

antibodies that bind to targeted antigens (proteins) and then visualising the area where this

binding has taken place in the microscope (Ozawa, 2019).

Figure 3.4. Basic principles of Immunohistochemistry . An example of visualising pancre-
atic islet cells. Source: BioRender
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In the context of our project, IHC was employed for the morphological identi�cation and

evaluation of retinal neurons. More speci�cally, it has been used to:

• Provide information on the topographic orientation and the distribution of Grik4 and

Scnn1a expressing cells across the retinal layers.

• Characterise the expression patterns of Grik4 and Scnn1a expressing cells by combining

multiple markers.

Electrophysiological recordings

Prof. Sernagor's lab is specialised in techniques for retina stimulation and recordings. The

experimental protocol has already been described in detail in Maccione et al., 2014; Portelli

et al., 2016; Hilgen et al., 2017a. Brie�y, retinal isolation was performed under dim red light

following overnight dark adaptation. The isolated mouse retina was placed onto a high-density

large-scale multi-electrode array (MEA) featuring 4096 (64x64) electrodes and covering a large

proportion of the mouse retina (2.67x2.67mm2). On the MEA, the RGC layer faces directly

the extracellular electrodes that measure high amplitude voltage changes (action potentials).

Recordings of spontaneous and light-evoked responses were obtained at a sampling rate of

~18 kHz/electrode from hundreds to thousands RGCs simultaneously, �rst in control (CTL)

conditions and one hour after adding the DREADD agonist, CNO (hereinafter referred to as

CNO conditions). Following recordings, raw data was processed for spike detection and single

units were clustered using the approach described in Hilgen et al., 2017b.

Light stimuli

Light stimuli were projected onto the retina via a custom-built system (Fig. 3.5), as described

previously in Portelli et al., 2016. Stimulus design is vital as we want to elicit strong responses

from the targeted cells. Depending on which aspect of the response we want to trigger (individual

neuron or collective response, static or dynamic, locally or spatially extended), the stimulus

should be selected appropriately. For the electrophysiological recordings, a large battery of

stimuli was available ranging from simpli�ed synthetic stimuli, such as bars, gratings or full-�eld,

to shifted white noise and natural scenes.

For the data analysis, we handled RGCs responses to the following stimuli:

• Full-�eld chirp : various 1' contrast steps, increasing frequency (1-15Hz) and contrast

modulations (1-93 Michelson contrast de�ned as(Imax� Imin)=(Imax+ Imin) whereImax

andImin are respectively the maximum and minimum luminance)(Fig. 3.6 (A)). The whole

sequence was repeated 5 times.

• Shifted white noise (SWN)1: improved checkerboard stimulus, where checkerboard

pixels are shifted randomly in space at �xed time steps (Pamplona et al., 2021). It consists
1SWN has been developed as a former collaboration between Prof. Sernagor's lab and Biovision team.
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Figure 3.5. Large-scale, high-density multielectrode array recordings and light
stimulation setup . Left. Light stimuli are projected onto the retina with a custom built
high-resolution photostimulation system. RGCs responses are recorded on the BioCamX platform with
high-density MEA Arena chips (3Brain GmbH, Lanquart, Switzerland).Right. The MEA chip provides
4096 square microelectrodes in a 2.67x2.67mm2 area and aligned in a square grid with 42 µm spacing.
The isolated retina is placed, RGC layer facing down, onto the MEA chip and �attened. Adapted from
(Hilgen et al., 2019; Maccione et al., 2014)

of 27000 images of 664x664 pixels (1px =4 µm) of 160 µmpixel blocks and40 µmshift,

changing every 33 ms (Fig. 3.6 (B)).

• Moving bars: random black and white moving bars (width100 µm, 12 directions (30°

separation)), 800 µm=s (Fig. 3.6 (C)). The whole sequence was repeated 5 times.

Functional and anatomical characterisation of cell types

As mentioned earlier, one of the main objectives of the experimental part of the project was to

investigate the anatomical and functional features of speci�c RGC types. For this purpose, our

colleagues introduced a novel classi�cation protocol, by combining the methods described so

far, namely, the excitatory DREADD activation (pharmacogenetics), the MEA array recordings

(electrophysiology) and the post hoc immunostaining (immunohistochemistry) and therefore,

successfully characterising the anatomy and physiology of Grik4- and Scnn1a-expressing RGCs

types.

However, the IHC experiments revealed that Grik4 and Scnn1a cells exist also in the inner

nuclear layer, presumably re�ecting inhibitory ACs (for more details please refer to the paper

Hilgen et al., 2022). To support this hypothesis, our colleagues used speci�c markers for
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Figure 3.6. Light stimuli . (A). Full-�eld chirp with various 1' contrast steps, increasing fre-
quency and contrast modulations. (B). Shifted white noise with pixels shifted randomly in space at �xed
time steps. (C) Randomly moving black and white bars. Here we show an example of 6 directions for a
black moving bar.

ACs and identi�ed Grik4 and Scnn1a ACs (though relatively sparse). Considering that ACs

make synaptic connections with RGCs, among others, when they are expressing DREADDs

and are susceptible to CNO, consequently impacts the level of input onto their post-synaptic

partners, hence confounding the interpretation of the results. One might think that the effect

is straightforward, meaning that when inhibitory ACs are excited, this will result in stronger

inhibition of RGCs these cells synapse with. However, this is only true if these same RGCs do

not express DREADDs themselves, when in fact there are many possible scenarios, as illustrated

in Figure 3.7. Scenario 1 is simple, if there are no DREADDs, there is no change in the spiking

activity of the RGCs (Fig. 3.7 scenario 1). The second scenario is the ideal case, DREADDs

are only expressed in RGCs, so increased RGC �ring is driven by direct DREADD activation

(Fig. 3.7 scenario 2). In the reverse situation, when DREADDs are only expressed in inhibitory

ACs, CNO-induced activation leads to an increase of the inhibitory effect of the ACS on RGCs,

resulting in decreasing spiking activity of the RGCs (Fig. 3.7 scenario 3). Finally, scenario 4 is

dif�cult to disentangle as there are antagonistic effects on the RGCs response. Here, both RGCs

and ACs express DREADDs. CNO-induced activation leads to, on one hand, the depolarisation

of ACs and the enhancement of their inhibitory effect on the RGCs and, on the other hand, to

increased RGC �ring rate. Thus, there are two effects, one direct on RGCs and one indirect via

ACs, that compete with each other (Fig. 3.7 scenario 4). So, what is the net effect? Do we notice

a decreased or increased RGC spiking activity or is there no net noticeable change?
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Figure 3.7. Potential scenarios of DREADD activation . 1. ACs and RGCs do not express
DREADDs, thus there is no change in the spiking activity of the RGCs. 2. Only RGCs express DREADDs,
so DREADD activation is triggering increased RGC �ring. 3. Only ACs express DREADDs, so DREADD
activation causes an increase of the putatitve inhibitory effect of ACs on RGCs, resulting in decreased
RGC �ring. 4. Both ACs and RGCs express DREADDs, therefore DREADD activation triggers an
excitatory direct effect on RGCs and an inhibitory indirect effect via ACs on RGCs. The net effect is not
clear on experimental grounds. Figure Courtesy Dr. Hilgen.

The �rst step to isolate Grik4 and Scnn1a RGCs, that is to say, exclude scenarios 1 and

3, was to impose the following criteria: (1) Cells should exhibit 50% increase in spiking

activity or bursting activity in the presence of CNO (achieved by analysis of electrophysiological

recordings); (2) and these identi�ed cells should also express the Grik4/Scnn1a genes and

DREADDs (con�rmed by correlating their physical position with micrographs of DREADD

expressing cells). This processing allowed our colleagues to correlate anatomical and functional

features of Grik4 and Scnn1a RGCs and thus, isolate Grik4 and Scnn1a DREADD RGCs with

increased spiking or bursting activity in the presence of CNO. However, it was dif�cult to

distinguish on pure experimental grounds the antagonistic effects of CNO on scenario 4. On the

contrary, the competition between these two effects under an increasing concentration of CNO

could be studied with a computational model. This is one of the main goals of Chapter 4 and 5.

Finally, in order to decipher the functional properties of the isolated Grik4- and Scnn1a-

expressing neurons, RGCs were classi�ed into functional groups according to the nature of their

responses to light. In the �st step, RGCs were grouped according to the response preference

for stationary (static, full �eld) and non-stationary (moving, orientation) images. In the next

step, we employed the automatic classi�cation tool presented in Jouty et al., 2018, which uses a

simple stimulus paradigm and a spike train distance measure as a clustering metric. The chirp

stimulus was selected in order to elicit responses simultaneously over the entire recording area

and the SPIKE distance as a clustering metric (This metric basically compares the distances

between the preceding and following spikes of the two spike trains (Kreuz et al., 2011; Kreuz

et al., 2013)). Stationary and non-stationary RGCs were clustered into functional types, using

hierarchical agglomerative clustering. To determine the appropriate number of clusters for the

clustering algorithm, gap statistics was used (Jouty et al., 2018).
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Using this novel approach, we were able to extend the pre-existing list of Grik4 RGC

types to a total of eight and, for the �rst time, to provide a functional description of Scnn1a-

expressing RGCs. Grik4 and Scnn1a clusters were cross-referenced, whenever possible, to

known types from the literature based on their response polarity (ON, OFF, etc.), response

duration (transient or sustained) and response preference (direction-selective, etc.) In addition,

some clusters potentially resemble known alpha cell types on the basis of their response pro�le

and immunoistochemistry results, but not on morphological properties (This approach didn't

entail the exploration of the morphological properties of cells). Results of this analysis can be

reviewed in detail in Hilgen et al., 2022.

Remark The classi�cation techniques and results presented so far are described in detail in

Hilgen et al., 2022. The goal of this work was to group cells sharing gene expression and

understand how these cell classes respond to basic and complex visual scenes. However, this

approach differs from the analysis that is speci�c to the following work in this chapter. To avoid

misleading the reader, we will refer to it from now on as the experimental analysis.

Data pool

Overall, 8 experiments were performed consisting of 3 Grik4 and 5 Scnn1a retinas. For the

experimental analysis, RGCs that did not match the aforementioned criteria were �ltered out.

Nevertheless, selecting cells with a 50% increase in spiking or bursting activity might disregard

interesting effects of CNO, e.g. in scenario 4 the net effect on RGCs might be an increase or

decrease of activity. For this reason, we selected cells only based on the second criterion for our

subsequent analysis (Grik4/Scnn1a genes and DREADDs expression). Finally, our data pool

consisted of 164 Grik4 cells and 378 Scnn1a cells (Fig. 3.8).

3.3 Analytical Methods

As we have seen in the previous section, functional types of RGCs were classi�ed on the basis of

their responses to the chirp and moving bar stimuli (experimental analysis). Here, we further

investigated and characterised the responses of the identi�ed RGCs using white noise stimulation.

Our aim was threefold: �rst, to explore the general behaviour of the entire population of the

recorded RGCs and group them into different functional types; second, to characterise the

responses within each group and compare them in CTL and CNO conditions; and �nally, to

extrapolate information that will be later used to constrain our retina model.

In this section, we thus describe the analytical methods. First, we introduce a widely used

mathematical model that we employed to �t the experimental data (subsection 3.3.1) and then

we describe how we estimated light response parameters from these �ts (subsection 3.3.2).

All the scripts for the data analysis have been implemented in Python.
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