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Abstract

The thesis wants to have a better comprehensiaut &t® function of the Inner Plexiform
Layer (IPL), one of the stratum in which the retisgubdivided. The retina is the neural
machinery of the eye whose task is to translateigweal scene in a biological signal and
perform the first stages of information processmgrder to detect the relevant features of
the visual scene before transmitting to the brain.

In the IPL as well as in the retina, there are pathway in which the visual information is
transmitted; one is the direct pathway in which light stimulus is first converted by
photoreceptors in an electrical signal, then semihé bipolar cells (BCs) which deliver the
visual information to the ganglion cells (GCs) thag the output of the retina system. The
other pathway is the lateral one in which horizbo&dls (HCs) send signals and feedbacks
to the photoreceptors and the amacrine cells (A@s}the same to the BCs. Therefore the
neural activity observed in the IPL is a complexagytic activity involving the BCs
terminals with their connections to the GCs andf¢leelbacks received from the ACs.

Physiologically there are two types of BCs with opipe responses to a light stimulus; the
ON BCs are depolarized in response to a light dtimjuwhile the OFF BCs are
hyperpolarized in response to a light stimulus #mely are depolarized when the light

stimulus is gone.

The IPL activity is spatially organized and the IRdelf is divided in distinct layers; the
spatial organization contributes directly to theudl information processing, as each layer
represents a specific frequency: in the centrarayhe terminals with transient response
are located and thus high frequency signals ame ttepresented. Also the distribution of
ON and OFF terminals is not random, but precistefgtiied in the IPL. The similarities
and differences between the ON and OFF popula@oistheir spatial distribution in the
IPL are key points to understand the IPL activity.

The thesis has two main purposes; one is the ingiétion of a set of tools for extracting
guantitative parameters and indicators of differfeattures in the BCs response, such as

plasticity mechanism, ability to respond to dimrhght conditions, capacity to respond to



flashes following one another and so on. The otineris the employment of these tools in

order to study and analyze quantitatively the paaties of the BCs terminals response.

We have used an optical method for recording theagtyc activity in the IPL, by
employing a fluorescent reporter called SyGCaMHA# ®dptical techniques have a good
spatial scope as well as a good resolution, thexefas possible to study the activity of the
entire network of synapses in the IPL without Igsimformation about each single
terminal activity. Furthermore optical method ig movasive, making possible to haire
vivo recordings. Specifically the SyGCaMP2, a genetycalicoded reporter developed in
the Laboratory of Molecular Biology (LMB) by the gmado’ group, is bound to the
calcium channel of the BCs terminals. It is ablse¢ase a calcium inflow into the terminal
membrane; a light stimulation causes such an infleviich in turn triggers the

neurotransmitter release used to transmit the visé@mation to GCs. The calcium level

is tracked by a variation on fluorescence levehas— signal.

The BCs have ribbon synapses, whose charactasgtiaespond to a stimulus not through
an action potential, but through a graded potenaalation enabling them to gradually

release the neurotransmitter; therefore, alsoctie@um level gradually changes during

light exposure and as a consequence-thgignal too. This signal has been extracted for

each terminal and used as input to the algorithxpsessly created in the current thesis to

have quantitative analysis of the IPL terminalsayedr.

The zebrafish, genetically modified in order to makem express the fluorescent reporter
SYGCaMP2, were the model organisms; there are radugntages: fast growth from the

egg to the adult, the easiness to be treated wetretqc engineering techniques, the
anatomical and morphological similarities to themaun retina. The experimental set up
was based on a two-photon microscope, used forehoence microscopy, whose output
was then vivorecording of the IPL activity.

The light stimulation triggers the calcium inflow the IPL terminals. We have accurately
modeled the stimulation protocol to be able to gttide response features we were
interested in. In the present work the focus ishonv the IPL response changes for

variations in the stimulus intensity from brighteght conditions to dimmer ones. The



second aspect is related to the plasticity mecharoscurring for a stimulus repeated over
the time. Therefore the protocol of stimulation sists in a train of four light flashes

following one another repeated at different ligitensity.

The output of the experiments were thevsivo recordings, preprocessed in order to reduce
the noise by Kalman filtering and to detect theorg of interest (ROIs) corresponding to
the BCs terminals. Each ROI have been then average normalized in order to convert
the 2D information in 1D information, because ieasier to apply algorithms to 1D signal
than to the 2D one. | had implemented algorithmmfdaining quantitative information on
the BCs terminals because in the retina there agyrifeatures detectors”; visual system
separates the visual content into distinct comptsnas specific frequencies or specific
light intensities. For this reason it is interegtio assess the “features detectors” and their

differences between the ON and OFF populations.

The algorithms have as output many parameters rahidaitors; some of them take into
account the variation of the terminals responsenwte light conditions are changed;
some others indicate whether a specific termingllastic and changes its behavior for a
repeated stimulation. The implemented algorithraattthe terminal as an analogue sensor;
to assess the performances of an analogue sengery avell known input is provided to
the sensor and then its output is measured. The sadone with a BCs terminal: a fixed
stimulation pattern is provided and the terminabanse is measured; from such response,
the algorithms extrapolate the information intdrestto assess the performances of that

terminal.

We have organized the results in a big datasetsdldata has been used for statistical
studies on the ON and OFF populations and on celdifeerences and similarities as well
as for understanding whether the parameters anfiéteres of the ON and OFF terminal
responses have a peculiar spatial organizationh&Ve employed many data mining tools:
histograms, cumulative histograms, box-whiskers reggntations, statistical tests,

clustering analysis.

The results have highlighted there are statisticgitjnificant differences between the ON
and OFF populations, especially regarding the jiastmechanism during a repeated

stimulation, the capacity to respond to dimmer tlifashes, the response precision and



repeatability. Furthermore the clustering analyssults in homogeneous groups of
terminals, which act as filters to the light intéysof the stimulus; each group has an
optimal response at defined ranges of light intgnsThese filters are evenly sampled in
the IPL. Therefore in each IPL stratum a specifegfiency and the entire range of light
intensities are represented. The retina is thezefdne to process a visual signal at any
frequency at any intensity and then transmit IC&N where it become one piece of the big

puzzle that is the visual scene.

We have attempted to identify models able to siteutlae real responses to prove the high
complexity of connections and feedback mechanismshe IPL. The results have
highlighted how the activity in the IPL is due toany factors, from the signal of the
photoreceptors to the ACs influences to the feeklibaechanisms of the neurotransmitter
released. All these factors contributing to theraill terminal activity are composed in a

non linear fashion.

The thesis has described quantitatively featuriede to the BCs terminals responses; for
further researches on the IPL activity, it will lnseful to isolate the distinct factors

contributing to the terminal response and studynttseparately. Furthermore the results
are interesting not only for the academic theohas also for applied science, e.g. the
research on the retinal prosthesis. As a mattéadf it requires a strategy for the software
implementation: a refinement of the methods dewedop the current thesis may improve

the performances of the retinal devices, assuratigipt a better quality of life.



The thesis organization is the following:

Introduction the chapter introduces the visual system; it $esuon the retina
organization and function and describes briefly stete of the art in the methods
for studying it. It finally introduces in detail éhmorphology and physiology of the

Bipolar cells.

Material and methodghe chapter describes at first the experimentalpsehen

the chapter explores the methods used to analg8@s dynamic in response to
light stimulation, from the algorithms to the cleishg analyzes, to the strategies to

realize mathematical models for the BCs terminals.

Results the chapter exposes the results obtained by tieeiqus analyzes,
distinguishing the ON and OFF behaviors.

Discussion the chapter highlights the more significant newetivity features,
looking for some correlations between the parameetalculated and for the main
differences between the ON and OFF responses.oWshhe distribution of the

parameters in the IPL space and finally it debbtaiathe model goodness.

Conclusion the chapter exposes which conclusions can bemfrom the previous

work and the possible future development and oppdrés of the project.
Referencesthe chapter is a list of the papers and bookd tsseomplete the thesis.

Appendix the chapter reports the algorithms implemented povides a brief

description of them.

The thesis project has been taken place in the ddgs group of the Neurobiology
division in the Laboratory of Molecular Biology (LB}, Cambridge (UK).



Abstract

L’obiettivo della tesi € avere una migliore comieme dell'Inner Plexiform Layer (IPL),
uno degli strati in cui la retina € suddivisa. kdima traduce la scena visiva in un segnale
biologico e attua le prime fasi di elaborazione depnale al fine di individuare le
caratteristiche salienti della scena visiva prinndrasmettere il pacchetto informativo al

cervello.

NellIPL cosi come nella retina esistono due vie [z trasmissione dell'informazione
visiva; una é la via diretta in cui lo stimolo lumso &, inizialmente, convertito in un
segnale elettrico grazie all’azione dei fotoreagttpoi viene inviato alle cellule bipolari
(BCs) che a loro volta inviano l'informazione viaivalle cellule gangliari (GCs) che
rappresentano I'output della retina. La secondaevguella laterale nella quale le cellule
orizzontali (HCs) inviano segnali e feedback abfetettori e le cellule amacrine (ACs)
alle cellule bipolari. Quindi I'attivitd neuronatisservata nell’IPL & una complessa attivita
sinaptica che coinvolge le BCS e le loro connession le GCs e i feedback ricevuti dalle
ACs.

Fisiologicamente, ci sono principalmente due tipi RCs che hanno risposte alla
stimolazione luminosa opposte; le BCs ON si dep#ano in risposta ad uno stimolo
luminoso, mentre le BCs OFF si iperpolarizzanore@de si depolarizzano quando non vi

e piu il suddetto stimolo.

L’attivita nellIPL & organizzata nello spazio éHAL stessa € organizzata in strati distinti;
I'organizzazione spaziale contribuisce direttamentielaborazione dell'informazione
visiva, dato che vi e una stratificazione dellejfrenze nell'IPL: negli strati piu centrali si
trovano i terminali con la risposta transiente e ghindi sono in grado di riportare le alte
frequenze del segnale. Inoltre la distribuzionetdaninali ON e OFF non e casuale ma é
precisamente organizzata negli strati dell’'lPL.dimilarita e differenze tra le popolazioni
ON e OFF e la loro distribuzione all'interno deflll sono punti chiave per capire cosa

accade nell’'lPL durante una stimolazione luminosa.

| principali obiettivi della tesi sono due; uno’ienplementazione di un set di strumenti per

estrarre parametri ed indici quantitativi per leelgse caratteristiche della risposta nelle



BCs, come ad esempio meccanismi di plasticita, atpali rispondere a condizioni
luminose molto fioche, capacita di rispondere aseguirsi di flash lumino e cosi via.
L’altro obiettivo e quello di usare efficacemenddi strumenti in modo da potere studiare
ed analizzare quantitativamente le differenze ttgrminali BCs ON e OFF, come i
comportamenti nella risposta sono diversi e laritiszione spaziale dei parametri
calcolati.

Abbiamo usato un metodo ottico per registrare iVadt sinaptica nell'IPL, attraverso
I'impiego di un reporter fluorescente, chiamato £gMP2. Le tecniche ottiche hanno un
buon FOV cosi come una buona risoluzione, quirngbssibile studiare I'attivita dell’intera
rete di sinapsi nell’'lPL senza perdere I'informamorelative all’attivita di ogni singola
sinapsi. Inoltre il metodo ottico non € invasivendendo possibile registrazianivivo dei
fenomeni nell'lPL durante la stimolazione luminoga. particolare il SyGCaMP2, un
reporter geneticamente codificato sviluppato dapgo Lagnado presso LMB, é legato ai
canali di calcio dei terminali BCs. E in grado devare l'influsso di calcio dentro la
membrana del terminale; tale influsso e determimtita stimolazione luminosa ed é |l
meccanismo che attiva il rilascio del neurotrashoed, usato per trasmettere

I'informazione visiva al successivo strato di ckdlue GCs. Il livello di calcio & tracciato

dalla variazione nel livello di fluorescenza, inpzolare il segnale—.

Le sinapsi delle BCs sono sinapsi ribbon, la cuatteristica € quella di rispondere allo
stimolo non attraverso un potenziale d’azione, tti@\&erso una variazione graduale del
potenziale che permette loro di rilasciare in modatrollato il neurotrasmettitore; quindi
anche il livello di calcio cambia gradualmente dhteal’esposizione alla luce e, di

conseguenza, anche il segnale. Tale segnale viene poi estratto per ogni terlaima

viene usato come input degli algoritmi che sonaesgamente creati in questa tesi per fare
un’analisi quantitativa del comportamento dei teahinell'IPL.

Gli zebrafish, geneticamente modificati perché iesgssero il reporter fluorescente
SyGCaMP2, sono stati utilizzati per gli esperimemiolti sono i vantaggi: crescita rapida
dalla fase di uovo a quella di individuo adulto,fd&ilita di trattamento con tecniche di
ingegneria genetica, le similitudini anatomichesefogiche con la retina del’'uomo. Il set

up sperimentale si basa su un microscopio a dumnifousato per la microscopia a



fluorescenza, il cui output € la registrazione imovdellattivita dell'lPL in un certo

periodo di tempo.

La stimolazione luminosa provoca l'influsso di ¢aloei terminali dell'IPL. Particolare
attenzione é stata data al protocollo di stimolajoin modo da potere studiare le
caratteristiche di interesse della risposta. Nesente lavoro il focus & su come la risposta
dei terminali del’'lPL cambia al variare dell'imsita dello stimolo luminoso. Il secondo
aspetto e relativo ai meccanismi di plasticita madsdai terminali nel rispondere ad un
stimolo ripetuto nel tempo. Quindi il protocollo stimolazione € costituito da un treno di

quattro flash luminosi successivi, ripetuti a dsemtensita luminose.

| risultati degli esperimenti sono state le regigioniin vivo, sulle quali sono state svolte
delle operazioni di preprocessing per la riduzideerumore attraverso un filtraggio alla
Kalman e l'individuazione delle regioni di interes®ROl) corrispondenti ai terminali BCs.
Ogni ROI e stata poi mediata e normalizzata in madaaonvertire I'informazione 2D in
1D: é, infatti, piu semplice applicare algoritmi ad segnale 1D rispetto ad uno 2D.
Abbiamo implementato algoritmi per estrarre infomoae quantitativa dato che nella
retina, vi sono numerosi “features detectors”;dadgenerale € che il sistema visivo separa
il contenuto visivo nei suoi componenti, come adngsio le specifiche frequenze e la
specifica intensita di luce. Per questa ragionderéssante valutare i “features detectors” e
le loro differenze tra popolazioni ON e OFF.

Gli algoritmi applicati al segnale- hanno come uscita diversi parametri ed indicatori;

alcuni considerano la risposta terminale quandmielizioni luminose vengono cambiate;
altri indicano se uno specifico terminal & plasticoambia il proprio comportamento per
uno stimolo ripetuto nel tempo. In generale gliocaiigni implementati trattano i terminali
come se fossero dei sensori elettrici analogici; yadutare le prestazioni di un sensore
analogico, un ingresso conosciuto € inviato al @ensli cui si misura poi l'uscita. Lo
stesso viene fatto con i terminali BCs: uno schefisgao di stimolazione viene
somministrata al terminale e si misura poi la ggposta; da tale risposta, gli algoritmi

estraggono l'informazione utile per la valutaziodelle prestazioni del terminale.

| risultati sono stati organizzati in un ampio da&tia Questi dati sono stati usati per studi
statistici sulle popolazioni ON e OFF e sulle rigfatdifferenze e similitudini cosi come



per capire se i parametri e le caratteristicheadaBposta dei terminali abbiano una
peculiare organizzazione spaziale. Sono stati iggtieinoltre diversi metodi di data
mining: istogrammi, istogrammi cumulative, grafimx-whisker, test statistici, analisi dei

clusters.

| risultati hanno evidenziato che vi sono differenztatisticamente significative tra le
popolazioni ON e OFF, specialmente riguardo il r@cemo di plasticita durante la
ripetizione degli stimoli, la capacita di rispondex bassi livelli di intensita luminosa, la
precisione e la ripetibilita nella risposta. Inelltanalisi dei clusters fornisce una serie di
gruppi di terminali omogenei, ognuno dei quali agisome un filtro alle diverse intensita
luminose; ogni gruppo ha la risposta ottima ad efindo range di intensita luminosa.
Questi filtri si trovano equamente distribuiti I'iaterno dell'IPL. Quindi in ogni strato
IPL e rappresentato una specifica frequenza eefintange di intensita luminosa. La retina
puo cosi elaborare un segnale luminoso a quafstéagienza ed intensita e poi trasmetterlo

al sistema nervoso centrale dove diventa un pegkgrdne puzzle che e la scena visiva.

Sono stati fatti dei tentavi di identificazione aeodelli per simulare la risposta reale dei
terminali per mostrare l'alta complessita dei mewai di connessione e feedback
nellIPL. | risultati hanno provato che lattivitael’lPL € dovuta a diversi fattori, dal

segnale dei fotorecettori alle influenze delle Ad® ai meccanismi di feedback da parte
dello stesso neurotrasmettitore rilasciato. Tuttesfi eventi che contribuiscono alla

risposta del terminale sono combinati tra loro wdim non lineare.

La tesi ha dunque descritto quantitativamente a&aaratteristiche peculiari relative alla
risposta dei terminali BCs; per ulteriori ricerchell’attivita nellIPL, sara utile isolare i
singoli fattori che contribuiscono alla rispostai derminali e studiarli separatamente.
Inoltre i risultati possono essere interessanti salo per le teorie accademiche ma anche
la scienza applicata, per esempio la ricerca gutkesi retiniche. Questi richiede, infatti,
una strategia per l'implementazione della companesdftware: un raffinamento dei
metodi sviluppati nella tesi possono migliorare peestazioni dei dispositivi retinici,

assicurando una migliore qualita della vita peaszipnti.



L’organizzazione della tesi e la seguente:

Introduzione il capitolo introduce il sistema visivo in genkesasi focalizza
sull'organizzazione e la funzione della retina esaliwve brevemente lo stato
dell'arte sui metodi fino ora applicati per stutharinfine spiega in dettaglio la

morfologia e la fisiologia delle cellule bipolari.

Materiali e metodiinizialmente viene descritto il setup sperimentpts il capitolo

esplora i metodi usati per analizzare la dinamigiat@minali BCs, dagli algoritmi
alle analisi di cluster fino alle strategie per liiamre modelli matematici dei

terminali.

Risultat il capitolo espone i risultati ottenuti dalla peelenti analisi, distinguendo

le popolazioni ON e OFF.

Discussione il capitolo evidenzia le caratteristiche piu sfgrative dell’attivita
sinaptica, cercando delle correlazioni tra i paraiealcolati e tra le maggiori
differenze nelle risposte ON e OFF. Espone ind#rdistribuzione dei parametri

calcolati nello spazio IPL e discute la bonta dedeili identificati.

Conclusioneil capitolo espone quali conclusioni si possoeoidre e quali futuri

sviluppi potrebbe avere il lavoro svolto.

Riferimenti il capitolo € una lista delle pubblicazioni e duri utilizzati per

svolgere la presente tesi.

Appendice il capitolo riporta gli algoritmi implementati ee fornisce una breve

descrizione

Il progetto di tesi ha avuto luogo nel gruppo dedttD Lagnado della divisione di
Neurobiologia press oil Laboratorio di Biologia Maoblare (LMB), Cambridge (UK).



. INTRODUCTION

Since the early years of civilization, mankind hasen struck by the vision sense:
Parmenides, west philosophy father, was the fwstddress the question about the
difference from what man sees and what actuallf¥hss issue has been a fertile field for
debate among philosophers and scientists and tlienmameuroscience seems to confirm
Parmenides’ intuition: the vision sense has evohetdto record and reproduce the reality
as an HIFI camera, but to perceive the reality @t a reasonable and reliable
interpretation of it, thus allowing man to reabie imost effectively (Parker, 2003).

The sense of vision is made possible by two orgdmeseye and the brain; as a matter of
fact vision is the result of a sophisticated infatimon processing taking place in the eyes
and in the brain. The eyes are composed by manpmial structures and play the key

role as collector of light energy, converter fraght energy to electric one and finally first

signal processor (Chalpua & Werner, 2004).

Retina, a filmy piece of tissue about 0.4 mm shkretc on the back of the eyeball,
accomplishes the mentioned tasks, as it includés the photoreceptors, cones and rods,
which convert the light in a variation of ion conttion and thus in an electrical signal
and the neural circuits formed by bipolar cells g€pCamacrine cells (ACs), horizontal
cells (HCs) and ganglion cells (GCs), which provitle first stage of signal processing
(Williams, Cavada, & Reinoso-Suarez, 1993). In ordemaximize performances, retina

has evolved as a multilayered structure (Samuel il 2010), organized as follows:
Outer nuclear layer (ONL): formed by photoreceptor

Outer plexiform layer (OPL): formed by the synapinks between photoreceptors
and BCs and HCs.

Inner nuclear layer (INL): formed by the BCs, HBE s soma



Inner plexiform layer (IPL): formed by the BCs tenal and ACs and GCs

dendrites
Ganglion cells layer: formed by GCs and displac€isdma, and the GCs axons.

An abundant literature studied the patho-physiolofjphotoreceptors and ganglion cells,
the main inputs and outputs of the retina (Boy&oWassle, 1974) (Mollon & Bowmakler,
1992). This has been done through different apesc

Dissociated retina: neurons are removed at thelimgonic state from the interested
area, e.g. the retina. Once dissociated, the nswantransferrem vitro to obtain
a cell culture, where it is possible to observedheaptogenesis and the following

connectivity

Electrophysiology: the electrical activity of nensois measured directly as the
trans-membrane voltage by, for example, patch cldtastrength is a reliable and
accurate measure of the neuron electric signaliihtstrong drawbacks: it is very
challengingin vivo and it allows the recording of a very limited nwenlof neurons

at the same time

MEA: the Multi Electrode Arrays are matrices whasterior surface is covered by
electric conductive traces, which permit both tonatate and record the neurons
laying on the retinal surface. The advantages goed temporal resolution and
multisite recording. In this case the main drawlsaake represented by the poor
spatial resolution and the fact that measures aronmed extracellularly which

introduced other factors other than the net mengpartiential in the measure.

This abundance of photoreceptor and GC literatsin@ot mirrored by a rich literature on
bipolar cells, since the possibility to study thessls is mainly reduced tan vitro
recordings of dissociated BCs. The study of BCvagtiin vivo has been made possible
just recently by a method introduced by (Dreastial, 2009), which is the method
employed in this thesis (s&ethods section).



The aim of this thesis is to get a better comprsioenof the IPL functionality as the place
where the first step of the visual information mesing occurs. To understand how the
IPL works, we have considered two aspects: the Mimé&eatures of the calcium activity
occurring at the BC synapses in response to ligtittae localization of those synapses at

the different strata composing the IPL.

The IPL is the place where the complex interactiam®ng BCs terminals, ACs and GCs
take place (Kaneko, 1970). Due to the high compfeaf the IPL cellular and synaptic

structure, a recording of the whole IPL at the lrgynapse resolution is required.

There have been many investigations on the BCc hoampatomy and they results in the
recognition of 17 BCs types with distinct morpho&syin the zebrafish retina, and similar
number for other species (Connaughton, Graham, &adxe 2004). The differences in
BCs types are due to various factors: the presimapid postsynaptic connections, the
glutamate receptors expressed, the dendrites adhon and so on; some receive inputs
just from the cones, other just from the rods amules other again receive the glutamate
signal by both the kind of photoreceptors; différanorphological BCs types are
innervated by different photoreceptors as wellh&y tinnervate different types of GCs and
ACs. Finally there are mono or multi stratified B@=pending on the distribution of their
synaptic boutons in the IPL.

From the physiological point of view, the BCs hawo opposite behaviors: ON BCs
respond to an increase in light intensity where&s B@Cs respond to a decrease in light
intensity. Both the types of BCs receive the signain the photoreceptors in the form of
the glutamate release: as the input is the sareeg ghould be a different mechanism in
sensing the glutamate and a consequent differeponse. The photoreceptors release
glutamate during the absence of light, whereas thlegk the glutamate transmission
during light stimulation. It means in the ON BCe thlutamate blocks a cation-permeable

channel.

The ON BCs present both metabotropic and ionotropieptors. The metabotropic
receptors do not form ion channels themselves,abtitas isolated antennae on the cell
surface sensing glutamate and activating intraleellpathways and mechanisms that can

indirectly affect membrane potential (AwatramanhM& M. Slaughter, 2001).



There is a metabotropic glutamate agonist, the @&x@#-phosphonobutric acid (APB or
DL-AP4, with the L enantiomer being effective) tisaectively blocks the light responses
of ON BCs (M. Slaughter & Miller, 1985). Thus, ONCB utilize a metabotropic pathway
to sense light-induced variations in photorecegiotamate. The metabotropic receptor
has been identified as mGIuR6 (Nakajima et al.,31980 the glutamate binding onto the
MGIuRG6 induces the closure of the calcium chann#i & related block in the calcium

inflow.

As said before the ON BCs present also ionotrogeeptors; when the glutamate released
binds to these sites, the cell membrane become psoneeable to the Gbns and thus the

BCs is hyperpolarized during the absence of ligidtead when the glutamate release is
inhibited by a light stimulus the BCs is depoladznd the response occurs, as depicted in

the figure 1, representing a typical ON responstrain of light flashes.
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The OFF BCs do not expose on their membrane mietgho receptors, but they have
only ionotropic ones. Two types of ionotropic chelsnare used by the OFF BCs in the
generation of the light response: the kainite ahd AMPA receptors (DeVries &

Schwartz, 1999). Despite the kainite and AMPA rémephave different dynamics and
thus provide different temporal characteristic be tOFF BCs, their general role is to



provide a calcium inflow, when the glutamate, rekghfrom photoreceptors, binds to their
sites; this happen during the absence of a lightuttis, as depicted in the figure 2,

showing a typical OFF response during a stimulaticime form of a train of light flashes.
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ON BCs and OFF BCs are linked with distinguisheds@Corder to keep the segregation
of the ON and OFF channel along all the visual wath



Il. MATERIAL AND METHODS

Experimental Setup

1.Transgenic Zebrafish

The model organism used in this work is Zebrafi3har(o rerio). Zebrafish are a tropical
freshwater fish belonging to the minnow family (@ypdae) of order Cypriniformes, and
IS an important vertebrate model organism in sdientesearch for many reasons
(Sprague, Doerry, Douglas, & Westerfield, 2001ystof all, the physiology and the
anatomy of retina are highly conserved among veateb; for this reason the Zf retina is
an excellent model for the human one. Moreover, esgonactical and economical
motivations imposed Zf as one of the most used mod@nisms for vision research. Zf
embryos develop very quickly: in 24 hours they gedrom a single cell of fertilized egg
to a independently feeding fish, while a similavelepment process in the mouse last for
almost 21 days (with clear economical implicatioas, well). Zf embryos transparency
allows the observation of the inner organs (Kariss@n Hpfsten, & Olsson, 2001), such
as the retina, and thus to use fluorescent proteirkers in order to label the interested
anatomic targets. Finally, Zf has been proved esraenient model organism for genetic
engineering and molecular biology, allowing the @lepment of many molecular biology

tools for gene insertion, modification or knockdo(@aier, 2000).

For the sake of this study Zf larvae and embryosevgeown in E2 medium at 28 °C and
breed naturally. The fish used for the experimar@me from a stable transgenic line
expressing the genetically encoded calcium rep@t@aMP2 (Tallini et al., 2006), in its
synaptically localized version SyGCaMP2 (Dreostiakt 2009) under the Ribeye-A

promoter.



2.SyGCaMP2eporter

Neuroscientists are interested in a method abl@dnitor and represent the phenomena
happening in a pool of neurons when activated Imyessort of stimuli; as a matter of fact
the variations in membrane potential are the halsenomena that trigger vesicular release.

Given the difficulties in developing reliable antfeetive voltage sensitive optical dyes,
one of the most widespread tools for optical mamitp the neuronal activity is calcium
dyes. As known, calcium is the signaling ion imemlvin traducing the variations in
membrane potential into vesicle release, thanksdltage-activated calcium channels
(Augustine, 2001).

The optical techniques exploit fluorescent repartavhich are proteins emitting
fluorescence when activated. In the eukaryote déks Calmodulin (CaM), a calcium
binding protein, is very common. The scientists éhaxploited the CaM to produce
fluorescent reporter able to sense calcium; wherCaM binds calcium, it is subjected to
a conformational change. Therefore a protein, whiebomes susceptible to fluorescence
for conformational change, is bound to the CaM:rdwilt is a protein reporter susceptible

to fluorescence in presence of calcium, e.g. GCaMP2

We were interested in detecting the activationngle synapses due to a single stimulus; a
promising location to sense the calcium inward nnoset is the presynaptic terminal, a
small cellular compartment with high density of tagle sensitive calcium channel.
Therefore the GCaMP2 does not have to spreada@alhdrthe cytoplasm, but it should be
concentrated at the synapses close to the neusotither vesicles. The Lagnado group at
LMB recently developed SyGCaMP2 (Dreosti, Oderniattrostkar, & Lagnado, 2009), as
the fusion of GCaMP2 to the synaptophysin, a tramsbrane protein in the synaptic

vesicles, specifically on its cytoplasmatic side.

Locating the gene codifying for the GCaMP2 dowretreto the one codifying for the
synaptophysin is necessary for producing the SyG&aMut up to now there are not
techniques able to place a gene next to another Bimerefore the portion of DNA

codifying for the GCaMP2 and the synaptophysimgerted in a plasmid and then inserted



in the synapses target. The plasmid are DNA modecsgparated from the chromosomal
DNA and able to replicate independently from iarks to these features they can be used
in genetic engineering as the so called vectoey tarry genetic sequences we want the

host to express.

The gene to be expressed needs a promoter thgeisetic sequence not codifying for any
gene; instead it has a regulatory function by ating the gene expression if some
conditions are verified. The promoter used is thbelge A, that activates the gene
expression for the production of those proteing thaurn produce the ribbon synapses
present in the BCs. The result is the SyGCaMP2rtepa.e. GCaMP2 molecules tethered
to the synapses vesicles in the ribbon of the B@sen the calcium binds the reporter, a
conformational change occurs making the reportsceqtible to fluorescence. Therefore
an incident radiation on the SyGCaMP2 generatetu@reiscent phenomenon visible

thanks to a fluorescent microscope.

The SyGCaMP2 has been tested bothrfasitro andin vivo recordings, showing a striking
ability to detect the single spikes at individughapses as well as the activity in the ribbon
synapses in the retina, which is more interestorghe present thesis. Indeed, retinal BCs
are characterized by the ribbon synapses, i.e psgsaresponding to a stimulus not with a
spikes generation, but with a graded membrane pakeAs a matter of fact the luminance
changes vary around a mean level, and they arsigoaled by a change in the rate of
spiking as in the most of CSN, but as a gradedatiari in the membrane potential
(Werblin & Dowling, 1969). Such a behavior means B8Cs can continually grade the
synaptic output and thus conveying more informatioms a typical mechanism easy to
find in the neurons involved in the perception omplex sense such as vision and hearing
(Parsons & Sterling, 2003). The finely graded redeaf the neurotransmitter requires high
density pool of vesicle and ready and fast trigggemechanism; the ribbon is the structure
suiting this task. For example, ribbon synapsethéBCs keep the segregation between
the ON and OFF pathway, producing parallel chanredlsinformation flow. The
advantages of the ribbon synapses are that snalbage changes in luminescence can be
transmitted with comparable sensitivity and the ader bandwidth of frequency
transmitted (Juusola, French, UUsitalo, & Weckstra806).



For the thesis purpose Zf have been geneticallgified to express the SyGCaMP2 under
the Ribeye A promoter which have been able to dekecunderlying calcium activity in
the IPL, by sampling many hundreds of terminal diemeously and providing a better

temporal resolution and spatial field of view théme GECIs in the neuron soma. The
signal produced by the reporter is the i.e. the variation in the fluorescence due to the
cytoplasmatic calcium increase against the aveitageescence; the area characterized by
a large magnitude of the signal accounts for terminals that are been stimulatetlian

which the machinery providing the neurotransmitigease, and the consequent signal

transmission, is triggered (Lagnado, Gomis, & JH#96). This signal is finally recorded

and imaged by using a custom-built two-photon nicope.



3.Imaging IPL by two-photon microscopy

In recent years many imaging techniques have begored to obtain the best spatial and
time resolution views of biological process ocaugribelow the accessible organism
surface. One of the most significant advancemerds heen represented by the
introduction of fluorescence microscopy (Tsai et @D02), based on the fluorescence
phenomenon which is governed by three events: aiant (or absorption), vibrational

relaxation and emission. In the absorption phaseesmolecules in the probe are excited
by a wavelength of light falling within the lineabsorption mode of the molecule: the
light photon is absorbed and the molecule is prechdd higher energy electron state;
during the vibrational relaxation energy is lossd aihe molecule gets back to its
equilibrium state and a photon is emitted at longawelength respect the one of the

excitation photon. The microscopy exploits the mimeanon as described in figure 3
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As explained above, the image is made by the fhaanece of the molecules in the sample:
so the image formation itself depends on the flsogace event to happen when excitation
light is provided. The probability of the excitatievent is directly proportional to the

photons spatial density, i.e. the light intensifyherefore the one-photon absorption



fluorescence imaging technique requires strong ligtensity, that means a high energy
level which causes an important heat transfer patfential damage for the sample.

A better solution for the fluorescence imaging tegbe is the two-photon laser-scanning
microscopy; the laser light has double wavelength tbe one used in the traditional
method, which means the photons carry half of thergy and the impact of a single
photon cannot make the molecule to shift to théandrigenergy state. Hence, the excitation
process requires the simultaneous absorption ofptvadons from the excitation beam; the
probability of the simultaneous absorption of twwofmns scales with the square of the
incident light intensity, and thus is significantbyver than the absorption probability in the
one photon imaging. The problem is solved by thep&dn of the pulsed technique for
delivering the laser light to the sample, whichoa# to provide the needed large light
intensity for the two photons absorption and topkdee average energy transferred in the
safety limits of avoiding the heating and so thendging the sample. The two-photon
absorption microscopy has many advantages: siredn¢lating damage depends on the

average power of the incident beam and thus byetihgoral variable as

the pulsed technique provides a lower temporal ageerenergy and thus less heating
damage; furthermore the excitation light penetratesa depth dependent to the
instantaneous peak power that is very high to as@ethe two photons absorption
probability: the two-photons absorption microsca@n be used for thick preparations.
Finally in the specific case studies, the laserdhasvelength outside the visible range and

thus does not excite the photoreceptors.

The recordings used in the present thesis have pedormed using a custom-built two-
photon microscope installed in the LMB at the Néuimtogy division floor. The

microscope is equipped with a mode-locked Chametganium sapphire laser tuned to
915 nm, produced by the Coherent firm; Chamelsoa kind of laser oscillator used for
multiphoton microscopy and the mode-locked ternemrad the technique for producing
ultrafast pulses. The objective is an Olympus LUMMI 40x water immersion, which

captures the emitted fluorescence. The followirg $$ the filtering by an HQ 535/50GFP



emission filter ( Chroma Technology ) and aftteat the fluorescence is detected
photomultipliers ( Hamamatst

In order to record the IPL actty, the Zff hasbeen immobilized on glass slide in 2% -
melting agaragar that is a substance extracted from the aggi®pkd algae, since i
gelatinous consistency is used with a substratpgsa: The fish is then mounted with
pupil aiming to tle microscope objective and to obtain a high quakiyording the ey
movements have to be prevented by inon of the neuromuscular blocke-bungarotoxin

(2 mg/ml).

The entire imaging process is managed by the soft®aanimage v 3.0 running on a |
the software controls the scanning phase, by géngréne analog voltage for driving tl
scan mirrors, as MVleas the acquisition phase, by collecting the ents from the
photomultipliers, converting it into voltage sigeah order to obtain the raw data tr
afterwards, are stored, as a stack of frames daloagZ direction, in TIF files for eas
portability and compatibility(Pologruto, Sabatini, & Svoboda, 2003he acquisition ite

was 10 Hz.

Each experiment is performed on one single fismuted by light pulses deliver

through an optic fiber from an amber LEThe figure 4 showshe light stmulation.
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The stimulation protocol was composed by four 3rds long light flashes separatec 6
seconds of complete darkn. The emitted light intensitfrom the LED wa 17 nW/mnf ;



the intensity was changed, by using an opticalnaédensity (ND) filter; this kind of disk
filter has a constant attenuation effect, and floege it is used to decrease the light
intensity of the stimulus. Its capacity in reducintensity is labeled by the optical density

(or absorbance):

lo=incident light intensity | = transmitted lighttensity

The intensity range, with a log-spaced samplindtds 17 nW/mni to 1.7 pW/mm (see
table 1), so it is over four orders of magnitude;the following part of thesis the light

stimulus intensities will be represented by NDXX:

- >

The stimulation protocol allows to investigate twwain aspects of the IPL synaptic
activity: the presence of plasticity mechanismplesed through the four light flashes
following one another, and the behavior at diffedgght conditions, assessed by varying
the light intensity. As a matter of fact the sequeeischeme of stimulation clarifies the
thesis targets, i.e. the analysis of the neuroradhimery in IPL behavior during dynamic

stimulation with light intensities changes.



Signhal Analysis

4.Preprocessing

The IPL imaging acquisition, by the two-photon rogcope, had provided the raw data.
The next step was to detect the synaptic terminasthe regions of interest ROIls, to
evaluate their position in the IPL and finally tonwert the 2D pixel information into 1D

signal, more useful for extracting quantitativeommhation on the calcium activity.

The sampling rate chosen was equal at 10 Hz ovieneaof 40 seconds; it means that for
each light intensity the result was a movie représg the IPL strata of the retina during
the light stimulations. The movie was a stack dd #@mes each of one depicting the IPL
activity in a specific moment of the stimulatioro 8ach image is a matrix of pixels and,
depending on the temporal instant it has been tdeteits grey level distribution would be
more or less differentiated indicating synaptia\aist in the IPL strata. The objective is to

study this activity with the tools of the signaldagiata processing.

The image stack obtained during the acquisitioasphneeded some adjustment both for
the size and for the noise corruption. Preprocgsstages were carried out in
MacBiophotonics Image J, a software collecting mamctions, macros and plugins for

the image processing. The figure 5 illustratesaen from the recording

#() & &*



The raw data were corrupted from internal sourcam$e like the random fluorescence
activity of some terminals as well as from exterore like the shot noise always present in
the optical imaging; as a matter of fact, the nembf photons carrying the energy is
sufficiently low so that the uncertainties duetlie Poisson distribution, which describes
the occurrence of random events, are significagh.hi Kalman predictive filtering was
applied on the stacks in order to reduce the raosgponents.

The figure 6 shows the result from the applicatibrihe Kalman Filter to a frame of the

recording.
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The in vivo imaging techniques face the issue of the modedrosgn movement and the
related distortion. The solution adopted consistedpplying a rigid-body registration to

the recording.

Once the previous preprocessing stages were cadplete have used a new software
environment, Igor Pro (Wavemetrics), a commerciatadanalysis package popular
amongst the electrophysiologists. The specific t&ARFIA (for Semi-Automated
Routines for Functional Image Analysis) implementedhe Lagnado’s Group performed
the automatic detection of the synaptic terminaisl @ahe identification of terminals
position in the IPL (Dorostkar, Dreosti, Oderméit,.agnado, 2010).

Background subtraction was applied in order to emrrfor the resting background
fluorescence of the movie. A background area isuabiy selected, the average gray level

intensity was computed and the latter was subtddcten the entire recording.



The terminals, labeled through a reporter protsitha SyGCaMP2, had different levels of
brightness due to not homogeneous distributiorhefreporter as well as the variance in
the expression level; furthermore the brightneggedded on the terminals location relative
to the plane of focus. As a matter of fact, theezanmany pixels actually belonging to an
activated terminal but, for the reasons above éx@th they had a low contrast with the
background areas and their intensity level needsetenhanced. The solution was first of
all making an average of all the frames in ordehdawe a reference image less noisy and
then filtering the image with a Laplacian mask, ggerator for the edge detection, that

represents the approximation to the second der{BBateger & Burge, 2008):
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The filter is rotationally symmetric, which meardges at all the orientation contribute to
the result. The sing of the result can be posibivaeegative: if the pixels gray level of the
initial image is higher, in the filtered image theyll have negative values. The threshold
value was assessed as a multiple of the standaratide of all the pixels falling into the

Laplacian mask. The advantage of using a secoret detivative filter was that takes into

account the relative and thus local variation ighiness more than the global one.
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The figure 7 shows the final result that can benewere refined by the user who is able to
select the minimum number of pixels required toeha\ROl: it's a sort of low pass filter to
counterbalance the effect of the Laplacian filtgrim this way the traces from the areas of
interests were extracted and labeled. As the R@ése saved as independent dataset, the
ROIs mask has been calculated just for the firsvimmothe mask calculated for the
recording at NDOO was applied then to the recoslatgother ND.

There are two main reasons why the terminals logati the IPL is interesting; first of all,
retina as well as other neuronal structures, sadhecerebral cortex or the hippocampus,
Is organized in distinct substrata called layefsust correlating the organ spatial
organization to its functions. Related to this feat the scientific literature has shown that
different types of BCs, typically ON and OFF, aoedlized in two separated layers, the
sublamina b and the innermost layers of sublamif@ ®N closer to the ganglion cells
layers (GCL) , and the outer two layers of sublamin for the OFF closer to the
photoreceptors layers (Amthor, Takahashi, & Oysi889).



The figure 8 depicts the layered structure of #tea.
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Two boundaries were fixed, with O labeling the mrdlosest to the ganglion cells and the
100 the margin closest to the photoreceptors: t@@s #&rminal position fall inside these
extremes. The localization of the terminals wasiedrout by superimposition of the ROIs
mask on the average image. The localization algoricalculated equispaced splines
between the superior and inferior boundaries, mnuwkawn and smoothed using a
locally weighted polynomial regression algorithme@@land, 1979). The figure 9 shows
the terminals detected, the boundary closest teliotoreceptors layers (red) and the one

closest to the GCs bodies (cyan).
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The red boundary was defined aspcwhile the cyan one ag:dhe remaining 99 layers
were calculated as:
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For each ROI was calculated its center of m@sby weighing the position vectdr of

each pixel in the ROI for its brightness:

0 2+1 % -
2
Finally the Euclidian distance was assessed betwe=ROI and each layer; the ROI was

assigned to that layer from which it had the mimmdistance.

The areas detected as ROIs but actually layingdrutsf the layered area, were labeled as

outliers with the numbers -1 and 101.

The last stage in the preprocessing was the exiraof the— signal varying across time

from the terminals. Each ROI response was calallate the average of all the pixel
comprised in the ROI. The 2D information was thaswerted into 1D signal to which it
was easier to apply algorithm for extracting quaftie parameters and indicators useful

for statistically studies about the terminal popiolas.

As the figure 10 show, it was possible an initiaegs whether the BCs response is an ON
or OFF one: the responses of the upper row belor@N BCs terminals and the ones of

the lower row to OFF BCs terminals
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5.Primary Parameters

| have implemented algorithms (see the chapfgyendix) for extrapolating the— signal

some mathematical indicators for a quantitativecdpson of the BCs dynamic activity.
At first we analyzed primary statistics that aresieato calculate and give a general

framework to study the neuronal response. Firstllat was necessary to separate the ON

BCs terminal and the OFF ones and a synoptic viatain with false colors of the-

signal over the recording time at each light stettioh intensity for each terminal has been

useful.
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In the figure 11, the darker colors represent higleue of —, while the white bars

represent the light stimuli. This kind of represdinin allowed an easy survey on the
response polarity and the luminance sensitivitye Tigure 11 shows an ON BC terminal,
which produces a calcium concentration increaseegponse to light stimulus. Once the
classification has been made, the ON terminals taedOFF ones were saved in two

different workspaces and they were approached aeghain the next elaboration phases.

The approach employed in this work consisted insmaring BC terminals as analog

sensors, hence BC terminal responses were andlyzedns of sensor performances. The



primary statistics considered were: response ma&xage, area and slope and reliability

over multiple presentations.
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The max averageas calculated as the signal average in a windo@tf ms around the
highest peak of the signal: it denotes the ternmimigihtness level which depends on how

the fluorescence is strong and thus describesaliceum concentration at the terminal.

Figure 12 shows the response of a BC ON terminbgld; the arrows delimit the 300 ms
time window centered around the maximum used tcutatle the maximum average

response (red dot).
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The area parameter (figure 13) is the area under the respanthe stimulus interval ( 3
seconds ). Despite both tlzgea and themax averageare indicators of the fluoresce
amplitude, thearea conveys an additional information: a transient andsustained
response may have equadax averagebut they certainly have very differemtrea
Furthermore the latter is more robust and depeedablit is an integral measure and thus

the effect of a noise superimposed is corrected.

The max averageandarea parameter are interesting because are indicatdfeaain in
amplitude boosted at each stage of signal transfeghe visual pathway (Belgum &
Copenhagen, 1988).



Reliability

Reliability

Reliability is defined as the ability of a sensor to respdnebah repeated stimulus. In the
thesis theeliability is the ability of a terminal to respond to eatlhe four light flashes.
The reliability employs the information from thaea parameter by using the Odea
value as threshold: if the signal during the stemioh time has ararea above 0.5 is
considered as a response, otherwise it is not.h8artaximum value of theeliability
parameter is 4, if the terminal respond to eactheffour light stimuli, while the minimum

is O if it does never responds.

The figure 14 represents the terminal responstheéostimulus and the threshold over
which a response is considered reliable. The texhfias a reliability value equal to three,
because it has a significant response for thehase flashes, but not for the first one.



Slope

The slopeindicates the response dynamic as it is a meadurew fast the signal reaches
the steady state from the basal one. Slbpeis the ratio between theax averageand the

time spent for reaching the max peak from the lnaesel

The figure 15 shows the slope of the terminal raspo



For each terminal we have four values for the prymaarameters, one for each light
stimulus; | have averaged these values to studgvbeall response to a light step; together
with the averaged value, | also calcluated thedgtethdeviation represented as error bars.
In the graph 1 primary statistics are drawn agdimstight intensity level (ND) and a blue
rectangular is showed that represents the ligleinsities to which the terminal responds
with a significant signal, again taking as refeeenalue 0.5 of tharea (see the first box

of the graph 1).

=0.15329
.
o
4_
o
o S e
< 2 7
0.8 | | Tt R S
1) =] 4
T I I I ] I I I I 1
4 2 2 1 0 4 2 2 1 0
MND MD O ]
4
o
@
= 3 | 5
£ o
S 2 o
£ ]
< 17 g
5 —d
o 0 J _1‘2‘
=
_1_
T T T T 1 T T T T I 0
4 2 1 0 4 3 2 1 0
MND MND

T13



It is also interesting to evaluate how the primsigtistics change over the train-stimulus
pattern and thus study whether the terminal chatigas calcium activity to respond to
light inputs following one another. As before th@nary statistics are graphed against the
light intensity level, but now the four values fich stimulus are superimposed as showed
in graph 2. The same layout also displayes theageer terminal responses to a light step
over the time at the different stimulus intensitiesa such a way a first description of the

plasticity of the neuronal connections in the IRBLgiven and it will be further analyzed

with the derived statistics in the following chapte

Area

Wan A e age




6.DerivedParameters

A topic of particular interest for the thesis puspgit is the dynamic activity in the IPL
over the time in response not to a single stimddus to a stimuli train, which better
describes the plasticity of the neuronal machimee IPL, i.e. its ability in changing the
rate and level of calcium flow. The primary paraenstare not able to describe such a
dynamical behavior because they were calculatezhasverage over the four stimuli, but

they were still useful to derive new parameterscivtare better indicators of that behavior.

The derived parameters can be divided in two mategories, with a certain degrade of

overlapping between them

Measures focusing on the dynamic response toradfdour flashes
Measures focusing on the assessment of the penficesaof the BCs terminal

studied as an analogue sensor

The parameters belonging to the first category are:



Adaptation/Potentiation
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Adaptivity is a typical neuronal mechanism that uoes neurons to reduce the
neurotransmitter release in response to repeaitedlstlt is a vital strategy to avoid the

neurons to run out of neurotransmitter, necessarthe signal transmission.

It is derived from thearea parameter and it is calculated as the sum of tlahdttan
distance between trarea value at the first light step and the one at #woad light step,
between the second and the third and finally betw&e third and fourth light step. A

positive value indicates adaptation.




The graph 3 represents tarea parameter at each flash: it is clear how theee decrease
in this parameter moving from the first flash t@ ttourth one. The figure 16 shows the

adaptationphenomenon during a terminal response to the kignu

The potentiation is the opposite phenomenon to tadypand it is computed in the same

way: the sum over the Manhattan distance will anegative value

In the graph 4 tharea parameter at each flash is represented: it ig tlea there is an
increase in this parameter moving from the firssifi to the fourth one. The figure 17

shows thepotentiationphenomenon during a terminal response to the ktsnu
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Peak Shift
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The peak is the maximum in the terminal activitgl @ecurs at the response to one of the
four flashes; in graph 5 the peak is at the respdosthe third light step at the input
intensity NDO, while at NDO5 the peak is shiftedvéwd the response to the first light step.
Thepeak shiftcatches the activity peak moving among the regmteslight steps and thus

conveys an information of plasticity in the synag@rminals.



Selectivity
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The selectivityfeature belong to the second category too, bedaesaluates the ability of
the terminal to respond to some light intensityjlevdiscarding others. Again the target is
to study the terminal dynamic behavior and thus ibhteresting not the absolute value, but
how the selectivity is incresed or decreased in the responses to die light steps
following one another. The graph 6 depicts an exangb selectivity increasing: from
NDOO to ND15 the terminal has a good reponse athallfour light steps; at ND20 and
ND25 just the activity at the first light step isgh enough to be considered as a real

response by the terminal: theresedectivityincrease.

This parameter is assessed framea for each response to light step, the difference
between maximumarea value andarea value at the end of the responsive zone is
calculated and it is divided by tHéD range corressponding to thosmea values. By
comptuing the difference between those valuesetifierence response to the four light
steps, it is possible to assess if an increasedeceease in theelectivityoccurs.



The parameters belonging to the second category are
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The precisionassess how the good the BC terminal is to prothdesame response to the

same stimulus repeated over the time as the onktastimulate the zebrafish retina.

| have evaluated it from the standard deviatiornthaf area parameter: the smaller the

standard deviation is and the more similar the it@ahresponses at the four light stimuli



are and thus the higher tpeecisionis. In the graph 7 the standard deviation, degiete
the red line, in the responsive zone is smallheddur responses to the light steps are very

similar as depicted in the graph 8, which illustsatheareaparameter for the four flashes.

Slope Normalized

The slope normalizeds a better indicator of the terminal dynamic thla@slope because

it is normalized by thenax averagevalue, because it allows to compare terminals with

different absolute value in the 3lt indicates how fast the terminal responds tolitpet

step. Therefore it is a description of the dynamit the calcium inflow through the

voltage gated calcium channels into the terminahbrane.



Reliability Aligned

More interesting than the general trend of tlegability is the reliability aligned It
describes how fast over the light intensities (NBg reliability decreases to zero; as a
matter of fact, a quick decrease to zereeiability means the terminal responds just to the
ND rangeis tuned to. We have made an assumption abouwptal range of response,
assessed as the ND range to which the terminabmesyith the maximum ofeliability:

the optimal range of response thus correspondsetdND values to which the terminal is
naturally tuned to. Therefore we have assumedahdtcrease in reliability outside the
optimal range is due to noise. Actually other festguch as a signals from photoreceptors,

HCs or ACs, may have the same effect in decredlmeeliability.

We have been individuated the last ND value inapi&mal range of response for studying
after how many other ND theesliability decreases definitely to zero; it was possible a
direct compare between terminals, as the grapho®shthe terminal 5 is much more
reliable than the terminal 59, because after th& laaximum it decreases quite
immediately to zero, while the terminal 59 has lf/l&e trend before it stops to respond

and the main cause it is more sensitive to thenataoise.

4 = Terminal 5

— Terminal 59
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Light Intensities



ND Start, ND End, ND Range

These parameters represent respectevely the hggmdgity to which the terminal start to
respond, finish to respond and the light instenségige over which the terminal is
responsive. All together these parameters desdtiee luminance sensitivity of the
terminal, i.e. its ability to respond to dimmerHhtgntensities. The graph 10 depicts two
terminals, one (terminal 9) high sensitivity asresponses also to very low intensity
stimulus (ND3.5 = 5.38 pW/mfj while the other one (terminal 25) responsestustigh

level of light intensities.
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At end two other parameters were studied, whichvegs a more physical information
such as the terminal dimension and the terminalliation in the IPL. As the single pixel
dimension is known, it is easy to calculate thenieal size by considering the total
number of pixel composing the terminal. The terrhp@sition is assessed as explained in
the Preprocessingchapter.



7.Clustering

The clustering belongs to the family of the macHesning algorithms, specifically, to the
non supervised learning methods. The aim is to §imdilarity in some features of the
dataset in order to identify homogeneous groupatd called clusters; in this way the data
belonging to the same cluster share common andasiharacteristics, and vice versa
they are significantly different from data set ither clusters. Depending on the definition
of metrics and the relative notions of distance sindlarity between couple of data, many

different clustering algorithms are available.

The one chosen for the present work has been thee#as one, because it provides the
best experimental results. The K-means method mregjas input the dataset, the number of
clusters desired and a distance function; the fonaised in the present work has been the
Euclidean distance. The algorithm workflow is simmph number of centroids equal to the
number of desired clusters is chosen randomlycérgroid of a cluster is defined as the
average of the data belonging to that cluster.akheateration, each data is assigned to the
cluster whose centroid is closer and thus the nitstdoetween the centroid and the data is
minimized; if no data is reallocated in a differentister, the procedure stops and the
clusters produced in the previous iteration arditia output of the algorithm (Pan, Lin, &
Le, 2002).

We have used the software Multi Experiment Viewé€r 2MeV 2.0 ), that is a tool for the
genomic data analysis and is well fitted for théadaxploring and mining and especially
for the different method of clustering analysis.eTiirst step in the clustering procedure
was the assessment of the ideal number of clugiedsvzide and then to merge the data;
Figure Of Merit is a tool for estimating the predie power of clustering algorithm: each
sample is removed from the dataset and the clagtalgorithm is performed on the
remaining data; once the clusters are formed, assgessed how well the removed data fit
to the clusters scheme. Lower is the value of aefLUEOM better is the prediction power
of the clustering algorithm, i.e. it fits to newtddoo. The procedure consisted in observing
the FOM graph and in choosing, as initial guessuabite number of clusters, the one at

each there was a sharp variation on the first dévie. The graph 11 represents the figure



of merit, therefore the ideal number of clustetws or seven and for obvious reason the
first guess is the latter.

Mean Adjusted FOM values (x SD) vs. Mumber of Clusters

Mean Adjusted FOM
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Since the final result was remarkably influenced tbg initial random assignment of
centroids, more the one clustering trial was pregtidlso with some changes in the input

parameter as the number of wanted clusters. Thechusser pattern was finally chosen.

The cluster schemes were then imported in Igort®q@rovide new data to be elaborated

with the other parameters.



Model identification

The last part of the thesis deals with the modehtdication procedure to generate reliable
models of the synaptic terminal in the IPL respgndeis just a draft and still needs more

studies and works to obtain more significant result

The approach to the model identification was thgcgl black box one, which describes
the system behavior just from the stimulus and résponse produced without a prior
knowledge of the internal features of the systemhib® neural mechanisms that produce
the response in the IPL synapses are still not Wwedwn as, for example, the ACs

feedbacks, and thus the black box models fitsttasi$ purpose.

We have chosen the Box-Jenkins (BJ) model streachecause it has more flexibility for
modeling the noise; as a matter of fact it providespletely independent parameterization
for the dynamics and the noise using rational paiyial functions (Ljung, 1999). We have
assumed the only input received during the lighposxire was a step light stimulus,
without taking into consideration other factors tridouting to the terminal response. For
this reason we have assumed there was no noike ingut. The Box Jenkins model was
useful to handle this kind of problem, because libwveed to independently set the

parameters for the dynamics and those for the passgs mathematical structure shows:
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The polynomials>? @? Aedmtain the time shift operat@r DAs the Ah input, FDis the
total number of input an&Gis the £&h delay input that characterizes the delay respon
time and# is the white noise. For the assumption made #narpeters related to the noise

are set to zero.
The dataset available to feed the modeling algoritvere two

The light step stimulus expressly implemented irtlMh, in graph 12



Light Step

T
T ——— £ 4
U = e s ........... | Bt ............ R 4
X : S : i . :
N
® : : : ; : :
EOBF- oo T T T ! L TR e -
] : : : : ;
2 ]
&
2 5 : ; : 5
BOodr CTRRR N, || — B CERRT 4
= 1 2 ¢ : 3
i ............ Tt B Pt ............ ........... 4
D I 1 1
0 10 20 30 40 a0 &0 70
Time (s)

4 0

The single response to the light step by the temmtaken from the waves saved in

Igor Pro software, showed in the graph 13.

Terminal Response

02 i 1 i i i i
0 10 20 30 40 a0 60 70
Time (s)

4

The BJ algorithm requires the information aboutriedel order; it was given by a set of
integer numbers of coefficents for each polynomdused so for>? @? A2kl also the

number of samples which corresponded to the deaé, ti.e. the delay natural systems
faces to respond to the stimulus. In the case sis&mlin the thesis the coefficients for the

noise parameterization were equal to zero andttieisoise effect were neglected.



An important step in the modeling process was th@osing of the optimal order. The

number of coefficient of the polynomial at the nwater corresponds to the number of the
zero of the systems while the ones at the denoonirtat the number of poles: added
together they are the model order. It is an imparteature of the model, as it represents
the degrees of freedom of the model, i.e. the modpécity to simulate properly the real
system. We have done many trials as well as we ltavisidered the Akaike final

prediction error (FPE) in order to choose the maulder for the optimal parameterization.
The Akaike FPE is criterion to measure how well adel fits the real phenomenon. We
have looked for a tradeoff between a low Akaike F&te an upper limit in the model

order for avoiding a model too much precise in egpnting the terminal response. A
model with higher order is better in simulating Bvdéeatures in the response of the
specific terminal used in the training set for fiegdhe algorithm; nevertheless it loses the
generalization capacity and it is not useful fortier parameterization of new terminals

response. Therefore we have chosen fix the uppérdt four or five.



IIl. RESULTS

The present chapter exposes the results obtaiaedthre previous analysis. | have divided
the results between the two BCs types, ON and @F&tder to be able to compare their

dynamical behavior and features.

The number of experiments analyzed is 11 for d wftd36 ON terminals and 102 OFF

terminals and other 29 terminals with ambiguousalv@ir.



1.Primary Parameters

At first the chapter shows the data values of timary parameters for all the terminals at
the different values of the light intensity. In erdo report the results we have chosen three
value of light intensity, NDOO, ND20, ND40 which present respectively the high
intensity, medium one and low one; it is a coneisealization of results which allows an

easy compare of the parameters between the diffiegbhintensities.

In analyzing the distribution of the parameters agthe different light intensities, we

have performed a normality test in order to ansterquestion whether these data were
sampled from a Gaussian distribution or not. Thi®rmation was useful to choose the
indicators for describing the values distributidrthe distribution is not a Gaussian one the
mean and the standard deviation are not signifieaimte it is better to use the median, the
max and the min, the 25% and 75% percentile asrigess. The normality test has

always a P-value that represents the probabiligt th sample, obtained by a random
sampling of a Gaussian distribution, deviates ashmas the current datum does. So a

small P-value indicate the data derive from a n@usSian distribution.

The specific normality test is the D’Agostino-Pe&arone, which uses the skewness and
the kurtosis values to assess how far the distabus from the Gaussian one in term of
shape and asymmetry. These two information are toembined to produce an omnibus
test, the so called ¥statistic, which has value around 2 if the dagrmrmally distributed
(D’Agostino & Belanger, 1990).
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At brighter light conditions, the distribution isery far from being a Gaussian one;
furthermore there is a remarkable difference inMla&x Averagebetween the ON and OFF



population, information derived from applying a nparametric t-test which gives a p-
value < 0.0001, as the graph 15 shows throughxaniniskers representation.
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The table 2 explicates that the ON BCs terminaigeha larger— signal, meaning there is

more calcium activity and thus a larger releaseenfrotransmitter.



The histogram in the graph 16 shows the level d€iwa inflow at dimmer light
conditions.
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The values between ON and OFF are still signifigagiifferent, but much less as the Box
and Whisker in graph 17 depicts.
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Again the ON BCs have higher activity than the OBEs also for less intense light
stimuli; anyway it is clear that by diminishing tegémulus intensity, the activities of ON
BCs and OFF BCs get more similar.
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As a matter of fact, there are not anymore sigaifiaifferences in the fluorescence signal
between the ON and OFF BCs terminals. At dimmentligondition the ON and OFF



terminals have the same behavior, as it is clean fihe 75% percentile value, in the graph

18, that is almost the same for the two populations
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Slope Normalized

As explained in the chaptétaterials and Methods theslopenormalizedexpresses how
fast the calcium inflow mechanism is in responsetlght flash and thus it is a good
indicator of the overall dynamics of calcium. Itnermalized for comparing terminals with
different absolute intensities in their fluoresoenc

Histogram Slope Normalized ND0O

<4} ON SlopeNormalizedNDOO
< OFF SlopeNormalizedNDOOQ

SN P T T T S S S SO N VR S

4 18 0 $22 9%

K2

P value

Passed normality test
(alpha=0.05)?

P value summary

g ! 0 9% $22



As expected thelope normalizedvalues of both ON and OFF BCs terminals are not
distributed Gaussian like, and they have similduest the 25%, 50%, 75% percentiles

have almost the same values, as the graph 19 bledstahow.
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In the calculation oflope normalizedparameter, | have set to zero the values at light
intensities outside the responsive zoaee#é parameter below the threshold 0.5). Because

at dimmer light intensities like the ND20 there &w terminals that have a significant

response, there a lot sliopenormalizedvalues equal to zero.
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Area

Thearea parameter expresses the magnitude-afignal during the terminal response to a

light flash. It is expected to have a distributismilar to themax averageone, as

confirmed by the graph 21.
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Again there is a statistically significant diffemnbetween the ON and OFF terminals in
term of activity during a stimulation conductedNiDOO light intensity. The ON shows



larger magnitude ir— signal respect to the OFF terminals. The signifteais assessed

with a non parametric t-test that gives a p-vall@G001, as the graph 22 shows.
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Statistically significant differences ( p-value<00® ) between the area of response in ON

are still present at dimmer lighidition, as the graph 24 shows.

Anyway the difference starts to be smaller, indigathow the behavior of ON and OFF

gets similar by decreasing the intensity of stirsulu
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At the dimmest light conditions there are no magkevant difference in the behavior of
ON and OFF BCs terminals, and they tend to expfessame values @frea parameter,
as the graph 25 and the table 9 show.



Reliability
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This parameter is very high both for ON and OFFsBE&€minals: the value of the 75%
percentile is equal at 4,00 which means a veryelamgmber of terminals respond to each
of the four light flashes during the stimulatiors, the table 100 illustrates. So at bright
condition both the population are very reliable #mas transmit to the GCs.
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As the light intensity starts to become dimmer, @& BCs terminals tend to not respond
well to each flashes of the stimulation, as shotwedhe high frequency of the 0 value in
the graph 27. The ON terminals follow the samedydiut they seem to be more reliable

than the OFF ones.
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Histogram Reliability ND40
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As it can be expected at four orders of magnitosest than the original light intensity, the
terminals are not any more reliable, as the graphaiad the table 12 represent; some
flashes are lost and the information they convegas transmitted to the next stages of
processing in the CNS.

It is interesting to have a look at thaiability aligned parameter. It is a measure of how
quickly the terminal does not respond anymore dfteroptimal responsive zone and thus
if it is robust against random events. A possildseasment is the assignment of score. A



score equal 1 is assigned to terminals ceasingslgaling after the last light intensity to
which is tuned, a score equal to O at the others.
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The graph 29 shows that there are not significéfgrdnces between the score in the ON
and OFF terminals; therefore both the populatioaseha balance between terminals
strictly activated just in the responsive zone tarchinals with a decreased reliability due

to random events or feedback from the HCs and ACs.



2.Derived Parameters

It was interesting to directly compare the deriymtameter between the ON and OFF
population, in order to find out whether there weaigilarities or differences in the
dynamic behavior of the two BCs populations.

| had employed various tools to carry on the ddferal analysis between the two groups
of BCs: box and whiskers graphs, histograms andutatige histograms, and test to

compare two groups of data such astitest.

The box and whiskers graph is a representation dataset distribution through some
statistical indexes such the median, the 25% artd @brcentile and the minimum and
maximum values. It gives an immediate visualizabbthe difference between two dataset

which are the two population ON and OFF of the B@shis specific context.

In order to assess whether the two BCs groupsigmédisantly different in their dynamics
or they come from the same population, the testdl ase basically a Mann-Whitney test

andt-test with Welch correction.

The Mann-Whitney test is a non parametric test tdoapares two unpaired groups. All
the data from the two groups are mixed and rankad the lowest to the highest value: so
the former is ranked 1 while the latter is ranked\& where N is the total number of data
in two groups. Then for each groups the additiorihef ranks is performed and the two
total sums are compared; if they are different Bigalue is small and so the null
hypothesis, i.e. differences are due to a randompkag, can be rejected: the two
population are significantly different (Mann & Whey, 1947).

In some case the Mann-Whitney test gives a largalire, because the two variances are
remarkably different , a problem that is correcteyl the application of the Welch
correction to thd-test: the Welch correction is designed to prowdealid t-test in the
presence of unequal population variances. For thatgroups, the standard deviations are
computed and then squared to get the variancesliatger one is then divided for the
smaller one and F ratio is obtained which is vey from 1 if the two variances are

remarkably different. A small P-value means thatphobability that the two variances are



identical and that the difference is due to a ramd@mpling is very little. From such a
result it is possible to conclude that the two dsatare actually different.
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ON and OFF populations show a significant differbehavior in theprecision feature
with a P-value equal to 0.0001 for the Mann-Whittest, as the graph 30 illustrates
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The cumulative histogram in the graph 32 allowshétter appreciate the difference in
precision between the ON and OFF BCs terminals; it is cldwat the frequency
distribution of theprecisionvalues in the ON terminals reaches its maximunoreethe
OFF ones, and thus they have a maximum valyeeafisioninferior to the one of the OFF

terminals
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The ON and OFF BCs have a significant difference their variances for the
Potentiation/Adaptatiorcharacteristic, with an F ration equal to 1.496 arP-value equal

to 0.0337 (Welch correction). It can be concludeak the two population have an actual
different behavior in adapting or potentiating theasicle release responding to a repeated

stimulus, as the graph 33 shows.
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The three-lobes shape of the histogram drawn irgthph 34 clarifies how both the ON
and OFF BCs have a large percentage of termingfoneling whit plasticity to the four

light flashes following one another.
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The cumulative histogram represented in the grdphrlerlines how the OFF terminals,

although they have a plastic behavior, have a maraange of plasticity than the ON

terminals.



Peak Shift

The change iPeak Shifbetween the ON and OFF BCs are not significantfemnt.
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The graphs 36 and 37 show how the ON and OFF taimimave the same values and

distribution of values of thpeak shiffparameters.
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There are not striking differences in thelectivityfeature between the ON and the OFF

cells and so the slight variations observed arssdiad as non significant, as the graph 38

illustrates.
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Selectivity Cumalative Histogram
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The ON terminals tend both to increase and decrbasenge of light intensities to which
they are tuned; the OFF terminals, instead, areerkeen to decrease theelectivityand
transmit a broader range of light intensities,lesdraphs 39 and 40 show. However these

differences are not proven to be statistically ifigant.



ND Start

By performing the Mann-Whitney test, the P-value0i®240 and thus the differences
between the ON and OFF population can be considggadficant from a statistical point
of view.
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Again the Mann-Whitney test gives a P-value eqod.0009 and thus allow to conclude
that the ON BCs are able to respond to stimuintnsities lower than the ones for the
OFF BCs and that such difference is statisticafipificant, as the graph 43 depicts.
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The histogram in the graph 44 of thN® Endclarifies the ON terminals are more sensitive

than the OFF ones, as these ones stop respondinghat light intensities.
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The values oND Rangeare significantly different between the ON and Q#¢fpulation
and this is confirmed by the P-value ( <0.0001 jhef Mann-Whitney test, as the Box and
Whisker in the graph 46 represents.
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Both ON and OFF terminals respond well at NDOO, the ON terminals are more
sensitive than the OFF ones: the ON cells haveader range of light intensities to which

they are responsive, as the histogram show imgit$ side in the graph 47.
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The ON BCs size seems to be larger than the OFF @@sas the Mann-Whitney test
highlight with a P-value equal to 0.0015, as gsa¢® and 50 illustrate.
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It is very well known the ON BCs terminals and théF BCs terminals occupy distinct
layers in the IPL and as a matter of fact the Rivak <0.0001; a spatial segregation
between the two opposite responses exists, asdbb §1 shows.

IPL Position Histogram
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From the histogram in the graph 52 it is noticedbée is a lack of terminals in the central
zones. This zone is occupied by terminals withdiemt responses and as a matter of fact
the terminals with this kind of response have ne¢rbfound in the recordings of the

experiments analyzed



3.Clustering

The cluster analysis is performed in order to groogether terminals whose primary
parameters have the similar trend over the ligtensities; the K-means algorithm is thus
applied just to the primary parameters. The resuttghe following:

Max Average clusters:7 groups
1. terminals low pass, responding just at NDOO andy Vew
response at NDO5
2: terminals low pass, responding well at NDOO andLBDBut with
a notch at NDO5
3: terminals low pass, with down ripple at ND10 anduarripple at
ND15
4: terminals low pass, responding until ND10
5: terminals really selective band pass with a pdakl[@00 and
ND10
6: terminals really selective band pass with a peakt0
7: terminals band pass

Slope clusters5 groups for ON and 7 groups for OFF
1. terminals low pass on the ND range, respondinigguisiD00 and
very low response at NDO5
2: terminals low pass, with a notch at NDO5
3: terminals low pass, with down ripple at ND10 anduarripple at
ND15
4: terminals low pass, responding until ND10
5: terminals really selective band pass with a pdakl@00 and
ND10
6: terminals with a selective band pass with a ped¥xt.0
7: terminals band pass

Area clusters: 7 groups



1: terminals low, responding just at NDOO and very l@sponse at
NDO5
2: terminals low pass, with a notch at NDO5
3: terminals low pass, with down ripple at ND10 andugrripple at
ND15
4: terminals low pass, responding until ND10
5: terminals really selective band pass with a pdakl@00 and
ND10
6: terminals really selective band pass with a ped@tt0
7: terminals band pass
Reliability clusters: 7 groups
1: terminals low pass reliable until NDOO
: terminals low pass reliable until NDO5
: terminals low pass reliable until ND10
: terminals low pass, reliable until ND15

: terminals low pass, reliable until ND20

o O A W N

: terminals band pass, reliable from NDO5 until ND15
7: terminals band pass

Reliability Aligned clusters: 6 groups
1: terminals low pass reliable just at their maximum
2. terminals low pass, reliable until 05 ND unit frotheir
maximum
3: terminals low pass, reliable untii 10 ND unit fortheir
maximum
4: terminals low pass, reliable until 15 ND unit frotheir
maximum
5. terminals low pass, reliable untii 20 ND unit frotheir
maximum
6: terminals with oscillatory reliability

Slope Normalized clusters6 groups

1: terminals low pass, rapidly responding at NDOO



2: terminals low pass, rapidly responding until NDO5
3: terminals low pass, rapidly responding until ND10
4: terminals low pass, rapidly responding until ND15
5: terminals selective band pass, rapidly respondingD 20
6: terminals selective band pass, rapidly respondimd280

There are three main types of the clusters asdkpsess three main behaviors

Low Pass: terminals respond well just at high lewéllight intensity; they
correspond to the less sensitive terminals, bedéwesedo not produce a significant
signaling for stimuli at low intensities. In figude3 there are three clusters with low

pass behavior
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Band Pass: terminals respond well at broader lefzéght intensities so they are
well performers also during dimmer light condiorin the figure 19 there are

three clusters with band pass behavior

Max Average
Max Average
Max Average

Band Pass / High Pass: terminal respond well arnmédiate and lower level of

light intensities; they correspond to the most #imesterminals because their



activity is triggered also for small stimuli. InetHigure 20 there is one cluster with
band pass/ high pass behavior
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4.Model Identification

The model attempts to represent the variation enclicium concentration triggered by a
light stimulation by a linear equation whose caséints describe the dynamics of such a
phenomenon. Furthermore the linear equation pesvid quantitative methods for

simulating the effects on different experimentahaitions such as the change of the input

shape.
| have taken as an example the ON terminal 53.

The figures 21, 22, 23 respectively depict the oasp at the light intensity NDOO, NDOS5,
ND10.
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The models representing the terminal behaviorsemgectively:
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In the current thesis three tools are chosen teepitethe results of the model identification:
the Akaike final prediction error, the impulse respe, and the linear simulation with a
step input.

The Akaike FPE is used to select the best orddmeomodel in the identification phase, by

choosing the one with the smallest FPE value.

The first model (Egl) has a FPE equal to 0.00880##2 second one (Eq2) 0.00313699
and finally the third one (Eg3) 0.00448565

The impulse response describes how the terminalduegpond if the input would be an
impulse, i.e. a signal of infinite energy and stiating the entire band of frequency; the
impulse response is important because its Laplacsform is the transfer function of the
system, that is the mathematical representatiothefrelation between the input and the
output. The graph 53 depicts the impulse respamsiné models of the T53 responses
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By the linear simulation, the real experimentamnstii, the four light steps, are provided to

the model and the graph 54 depicts its outputs.
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V. DISCUSSION

In the discussion of the results the key points are

Difference in the parameters and in the dynamidsvéen the ON BCs
population and the OFF BCs one

Significant relations between the parameters
The spatial distribution of the parameters

Model identification goodness



1.Comparison between ON BCs and OFF BCs

populations

The basic difference in the behavior of the ON @k BCs derives from their different
receptors (Masu et al., 1995).The OFF express liopit receptors that open the cation
channels during glutamate release from the photptecs, whereas the ON express
metabotropic and ionotropic receptors that close fttation channels. Since the
photoreceptors discharge during the absence of, ltge glutamate released produces a
depolarization of the OFF and the hyperpolarizabbthe ON during the absence of light.
The fundamental distinction between the two poputet of BCs is due to the presence on
their dendrites of excitatory (OFF) and inhibitd@N) receptors for glutamate (Nomura &
Shigemoto, 1994).

There are statistically significant differencesviietn the ON BCs and OFF BCs on the
primary parameters just at the brightest light ¢towls; by decreasing the amplitude of the

light stimulus, the two populations tendto haveiEimvalues distribution. The primary

parameters describe the basic features of respaheanagnitude of the variation in the

and the rapidity of such a variation to occur.

| have compared the ON BCs and the OFF BCs regariie derived parameters. As
explained in theMaterial and Method chapter, these parameters can be grouped in two
categories, one focusing on the temporal evolubiotihe terminal activity during the four

flashes, the other focusing on the terminal pertoroes as an analogue sensor.

At the first category belong theeak shift the increasing/ decreasingsalectivityand the
potentiation/adaptation

The ON BCs and the OFF BCs have comparable vahewvaues distribution about the
peak shift and the increasing/decreasseectivity if an ON BC and OFF BC are
randomly selected, they are expected to becomeooe selective responding to a narrow
range of light intensities or less selective resjiog to a broader range of light intensities.

ON and OFF population have an important differena®ncerning the



potentiation/adaptatiormeasures. The ON BCs terminals tend to increaseyagee the
magnitude of their activity responding to a fouasth train more than the OFF BCs do; it
means the ON BCs terminals are more keen than thd ®Cs ones to
increment/decrement the calcium level inflow anastlo run out/save the neurotransmitter

to be release for further signal transmission.
Regarding the second group of derived parametess are more differences.

The precisionparameter shows the OFF BCs terminals are mospréhan the ON BCs
ones, and thus they are able to give the sameigdeénesponses to four stimuli following

each other, maintaining both the shape and the im@gnof the response.

Furthermore there is a significant difference bemvéhe two population in the value of
light intensity at which their terminals stop tespend, theND End It is the minimum
level of light intensity at which the terminal adty can be distinguished from the basal
synaptic activity. It is a measure of the termisahsitivity, the terminal ability to detect
the slightest change in the environment illumiratibhe ON BCs terminals still respond
to very low light levels such as ND25, ND30, ND3&igh are intensities more than two-
three order of magnitude less than the maximum lmséead the OFF BCs terminals have

almost stopped any activity at this low level ofratlation.

Related to the previous measure, there iNbeRange an indicator of the terminal ability
to respond to a broad or narrow range of lightnstiges. Not only the ON BCs terminal
are more sensitive than the OFF BCs ones, butdheactive for broader range of light
intensities and thus they start responding at mamirtevel of stimulus amplitude and their

activity lasts till low light intensities.

The terminal dimension and the position in the B& further features in which ON and
OFF populations seem to have not negligible diffees: the ON terminals are generally
bigger than the OFF ones, and they are locatetddnRL layers closed to the ganglion

cells, while the OFF terminals are closer to thetpteceptors layers.



2.Relation between the parameters

| have studied whether the terminals charactesistice related between each other, to

assess whether a specific value in a parameteieimées the values of other parameters.

An evident relation exists between the size angtasticity of the terminal. The relation is
an inverse one: smaller terminal are more plastan tthe bigger ones, because in the
smaller terminals even a slight change in the gaidevel inflow can modify remarkably
the overall terminal activity. To highlight this laion the graph 55 represents
Adaptation/Potentiatiomgainstize the graph 5&eak Shif{ the absolute values ) against
sizeand finally the graph 57 illustrates the increasd decrease iselectivityagainst the

size
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The magnitude in the variation of— signal during the activation, represented by the
maximum value of thenax averageis related to plasticity: the terminals with larg
variation in the— are those whose response changes remarkably durfiogr light step

stimulation, and so they are the more plastic. gtagh 58 with the maximum values of
the max averageagainst theadaptation/potentiatiorand the graph 59 with maximum

values of thenax averagagainst the increase/decreassatectivityshow this result.
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The magnitude variation - is positively related to the plasticity indica@s well as it is

negatively related to tharecisionindicator, as in graph 60.
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As a matter of fact, therecisionof a terminal indicates how well the terminal hihe
same response to the same stimulus repeated aveinté: it is high when the terminal
tends to be not plastic at all. The graph 61 depitteadaptation/potentiatiomgainst the

precision
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| have taken the maximum value refiability and | have related it to the maximum value
of max averagef the same terminal: they are positively relatbéérefore the more is the

magnitude of the— the higher is the change that at least one vallgltd intensity the

terminal would respond to all four the light stegs,the graph 62 shows.
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A better parameter is theliability aligned which takes into account how rapidly the
terminal shuts down its activity after the optinmasponsive zone. A score equal to 1 is
assigned to terminals ceasing their signaling dfterlast light intensity of the optimal

responsive zone, a score equal to 0 at the otlRepresenting the score against the

maximum of themax averageit is clear this value does not affect the scoeeminals

characterized by a large signal and the ones characterized by a smalleregahave no

differences in their ability in not responding emdom events. The graph 63 clarifies this

relation.
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3.Distribution of the BCs parameters on the IPL

space

From the literature it is known the spatial orgatian of the retina is an important feature
of the visual system to provide a first step in #gnal processing (S M Wu, Gao, &

Maple, 2000) (Calkins, Scheln, Tsukamoto, & Steyih994); as a matter of fact the layers
in the IPL contain terminals responding to difféarérequencies in the stimulation: the
terminal with transient response able to transngih irequency visual signals occupy the
central layers; the terminal with sustained respanrg in the lateral layers (Awatramani &
M. M. Slaughter, 2000). For this reason it waseresting to explore whether the
parameters and clusters had a peculiar distribuirmide the IPL or were evenly

distributed.

By studying the distribution of parameters expmgdiifferent characteristics of the

signal, it is clear they are evenly distributedtie IPL. From the terminal size to its
plasticity @daptation/potentiatiopy from the terminalprecision to its sensitivity, the
various values of these measures can be foundaaat layer of the IPL. It means that the
all possible dynamic behaviors are associated ¢éoydvequency represented in the distinct
layers; so in the layer 20-30 there can be fourtd bgg and small terminals, both precise
and plastic terminals and so on. The graphs 6466567, 68 depict the parameters value

for each terminal against the IPL position of thertinal.
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The result of the clustering analysis is a setlaéter grouping together terminals with
similar trend over the intensity levels of the stimsome act as low pass filter to the light
intensity, by responding just to the brighter lighimulation, others as band pass filter by

showing a calcium activity also to attenuated lefdhe light stimulus, finally others have

a stronger— signal at intermediate level of light intensitesd tend to not respond or to

weakly respond to the brightest conditions.

The graphs 69, 70, 71, 72 represent for differandqmeter how the clusters are distributed
along the IPL layers.

The clusters evenly sample the IPL; each layertia®ntire range of light intensity from
the brightest to dimmest one. Again it is a siguaifit result because it means that for each

signal frequency it is represented the entire raridight intensities.

In the layers 60-70 a specific stimulation frequerecrepresented; in this layer there are
BCs terminals responding only to the brighter lightd others activated significantly for

mild range of light intensity.
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4.The results goodness from the model

Identification

The ultimate objective of a model identificationtes describe a phenomenon through a
mathematical equation. The Box-Jenkins is a lineathod and so it assumes a linear
transformation of the input to generate the outphe resulting composition of polynomial

describes the system as its inner transformationsiaply linear.

This is an important obstacle to the model idecdiion. The variation in the- is the

output of the real system and it is, together whih step stimulus, the dataset for feeding

the identification algorithm. However the signal is the potential effect of many causes

and not only of the light step stimulus. ACs andsHsend signals and feedbacks to the
BCs to regulate the variation in the calcium infléav optimizing the signal transmission
as well as the released vesicles (Trombley & Westhr1992). Together with the light
stimulus these other mechanisms are involved agyldhe composed through a non linear

transformation to determine the calcium inflow d@nds the variation in the-.

The method of model identification by a Box-Jenlahgorithm has two main problems:

The input data used to feed the identification atgm are just referred to the light step
stimulus, while the other input to the real syswmh as the signaling from the ACs, HCs

and the feedbacks from the vesicles released fh@ule

The inner process to transform the inputs in thipwuare assumed to be linear, whereas
the real neuronal system present many non linedures, such as time delays, plasticity

over the time and so on.

The results from the model identification do noinglate reliably the real terminal
dynamics. The low goodness of the results demdssting@ machinery inside the synaptic
terminals receives as input many signals and theset inputs are composed in non linear

fashion in order to manage and regulate the calanflow inside the membrane.



V. CONCLUSIONS

The retina is one of the most ancient structurdefcentral nervous system, whose layered
organization is very similar to the one of the beatcortex. . Retina does much more than
encode the outside world in electrical signalgrdcess the visual information thanks to an
highly organized neuronal network, in which the B&supy literally and figuratively a
central role. The BCs importance in visual inforimatprocessing is clear: there are two
basic types of photoreceptors but there are mapgstyf ganglion cells instead, which
receive different types of signals and send oueiht types of signals. This means that
BCs provide a first significant processing in theual information from the photoreceptors
to the GCs.

In this thesis, | have implemented algorithms todging some parameters and indicators;
these were useful for a quantitative descriptiothefcalcium activity, important indicator
of the neurotransmitter release magnitude andrdigsain the BCs. It was interesting how
their responses and behavior was spread over aradge. There are BCs subjected to a
large calcium inflow and thus providing a relevar@urotransmitter release for every
stimulus, while others adapts and lower their nearsmitter release over the repetition of
the stimulus. Some BCs are high sensitive and #neyable to respond at light intensities
very close to the dim conditions, while other hatreng and reliable responses just at high
light intensities. Many BCs provides the same respaover the repetition of the stimulus,
while many others react to repeated stimuli adgpbinpotentiating their neurotransmitter

release.

These results have highlighted how BCs work asmaposite array of detectors endowed
with different features. The different visual infoation components are segregated
through different GC pathways and travel toward theual cortex, where they are
combined for the final processing. It is interegtthat the distinct frequency components
are represented in distinct substrata, while ofibsature detectors are evenly distributed in
the substrata of the IPL. Therefore the IPL is pizred to convey the whole information

composition for each light frequency and thus tmbdy transmit the visual signal.



Results also underlined that there are significhiférences in the responses between ON
and OFF BCs. These differences can have many cabdeand OFF BCs have different

receptors that can provide the terminals with d#ifé dynamics. Signals and feedbacks
from HCs and ACs can be involved to optimize thgnal processing and transmission in
these two channels. In future research will bentdrest to isolate the feedbacks from ACs

and other cells for analyzing their effect on tH@sBerminals responses.

Future development of the thesis may involve a nethod for the model identification.
Specifically a method able to take into the moded thon linearity in the interaction
between the many factors contributing to the teamiasponse. An accurate model of the
BCs terminals is an useful tool for the currentestfic researches about the retinal
prosthesis. In this field, up to now, the sciestisave addressed their attempts toward a
better design of the prosthetic devices in the Wward component, by reducing dimension
and increasing the number of wires (Weiland, LiuH&mayun, 2005). The next step will
be the implementation of the software with proaagsiapacity similar to the retinal one in
order to provide the most effective signal proaggsilgorithms for improving the patients’

quality of life.



VI. APPENDIX

In the following section, there is a descriptiontbé algorithms implemented and used
during the thesis work. The software used have bgenPro and Matlab. At end there are
the contacts for who is interested in having tlgoalhms code. At first there are the two
basic algorithms for the main work of the thegisgcedurel andprocedure2 then there
are the additional algorithms for refining the auems of data processing.

The algorithms are available in CD format at thefPBignorini’s office, Biomedical

Engineering Department, Politecnico di Milano, Mil&lease contact:
mariagabiella.signorini@polimi.it

federico.capiaghi@gmail.com

procedurel it calculates from the preprocessed recordingptimary parameters

and creates graphs of the parameters trend ovéghtentensities
Input: the preprocessed recordings
Output: the primary parameters and the graphs aheirttrend

procedurez it calculates the derived parameters and orgathieedata in a large
dataset. It carries out the studies of the popriatiand represents them through

graphs and figures.
Input: the primary parameters

Output: the derived parameters, the terminals datasd the graphs of the
studies about the ON and OFF populations



align: it aligns the signals of the parameters varyingrothe ND; it shift the
starting point from NDOO to ND*, where ND* is theDNcorresponding to the

maximum value of that signal. It calculates formayde thereliability aligned
Input: the parameter
Output: the parameter aligned

cont_terminals: it counts the number of terminals included &xdluded in a

certain range of values.
Input: the terminals dataset, and the max and mlmevof the range

Output: the number of the terminals included inrdr@ge and the number of
the ones excluded

create_max it creates a vector whose elements are the mawimalues of a

specific parameter for each terminal.
Input: the terminals dataset and the parameter
Output: the vector containing the max values ofpthemeter

extract_clust it extracts from the terminals dataset and grotgugether the

parameters of terminals belonging to the sameanust

Input: the terminals dataset, the subdivision ustrs

Output: a dataset of terminals grouped following ¢tustering scheme
extract_nd: it creates a vector with the parameters at diffeNDs

Input: the terminals dataset, the ND desired

Output: the vector of the parameter at the ND @esir

index: it extract the ND corresponding to the beginningl ahe end of the

responsive zone



Input: terminal dataset
Output: the extreme NDs of the responsive range
modifyslope set 0 the points that are out of the responsivee z
Input: slopeparameter
Output: the slope parameter modified
norm_hist: normalize bin per bin by the total number of terahin each bean
Input: the histogram to be normalized
Output: the histogram normalized

set_clust takes the data from the different clusters and rotdem on a new

column of the terminals dataset
Input: the clusters
Output: the terminals dataset with the added dluabels

set_roisize computes the real size of terminal using the remdd pixel for each

terminal and the size itm of the pixel
Input: the ROI mask
Output: the size of each terminal expressedin
set_slpnrm it calculates thelope normalizegarameter:
Input: slopeandmax averagg@arameters

Output:slope normalizegharameter
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