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Zusammenfasung

Der Traum von der Schaffung eines zugénglichen neuronalen Netzwerks in einer Plas-
tikschale ist mit der Entwicklung von aus Stammzellen gewonnenen Hirnorganoiden
der Verwirklichung néher gertickt. Trotz dieses Erfolges fehlen einfache Technolo-
gien fiir die Netzwerkcharakterisierung in 3D, so dass wenig dartiber bekannt ist, ob
funktionelle Netzwerke gebildet werden kénnen. In dieser Arbeit wurde eine Platt-
form zur Quantifizierung der elektrischen Aktivitdt in neuronalen 3D-Organoiden
fertiggestellt und getestet. Der Aufbau umfasst ein einfaches, selbstgebautes Licht-
scheiben-mikroskop, das eine rdumliche Auflésung von einzelnen Neuronen (<2 um)
bei einer 3D-Aufnahmegeschwindigkeit (5 Hz) ermoglicht, die mit weit verbreiteten
fluoreszierenden Ca?*-Sensoren kompatibel ist. Zur Validierung des Systems wurden
neurale Organoide aus embryonalen Stammzellen der Maus geziichtet, die endogen
einen Ca*"-Sensor (RGECO1) exprimieren. Die spontane Netzwerkaktivitit wurde
innerhalb eines Sichtfeldes von 665 x 665 x 60 um? aufgezeichnet. Zur Extraktion
der Kalziumspuren einzelner Neuronen wurde ein Softwarepaket (CalmAn) verwen-
det. Die rdumlichen und zeitlichen Komponenten wurden durch eine eingeschrénkte
nicht-negative Matrixfaktorisierung der 4D-Daten entkoppelt. Die Korrelationsanal-
yse der neuronalen Spuren identifizierte Cluster mit stark gekoppelten Neuronen
(Spearman’s Korrelationskoeffizient > 0.8). Der Aufbau ermdglicht Untersuchungen
dartiiber, wie funktionelle neuronale Schaltkreise durch Selbstorganisationsprinzipien
des multizelluldren Systems geformt werden.

Summary

The dream of creating an accessible neuronal network in a plastic dish has moved
closer to realization with the development of stem cell derived brain organoids. In
spite of this success, simple technologies for the network characterization in 3D are
lacking and thus little is known whether functional networks can be formed. In this
thesis, a platform for quantifying electrical activity in 3D neural organoids has been
finalized and tested. The setup includes a low-complexity home-built light-sheet
microscope that grants single-neuron spatial resolution (<2 pm) at a 3D acquisition
speed (5 Hz) compatible with widely used fluorescent Ca®"-sensors. To validate the
setup, neural organoids were grown from mouse embryonic stem cells which endoge-
nously express a Ca?'-sensor (RGECO1). The spontaneous network activity was
recorded within a field of view of 665 x 665 x 60 um?. To extract calcium traces of
individual neurons, a software package (CalmAn) was used. Spatial and temporal
components were decouple using a constrained non-negativematrix factorization of
the 4D data. Correlation analysis of the neuronal traces identified clusters with
strongly coupled neurons (Spearman’s correlation coefficient > 0.8). The setup will
allow studies of how functional neuronal circuits are shaped via self-organization
principles of the multicellular system.
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Chapter 1

General Introduction

“Begin at the beginning” the King
said gravely, “and go on till you
come to the end: then stop.”

— Lewis Carroll,
Alice in Wonderland

Neurons are electrically excitable cells with multiple inputs (dendrites) and a single
output (axon). They build fascinating, intricate structures: neuronal networks. A
single neuron integrates the electrical signals it receives from its neighbours and
then fires when a threshold is reached, passing the electrical signal to other neurons.
Prominent examples of organized neuronal networks are the brain and the retina.
They both are part of the central nervous system. As an indicator of their complex-
ity, the number of neurons (computational units) they contain can be considered.
And so, the brain is estimated to contain around 86 billions of neurons [1]. This
is of the same order of magnitude as the number of stars in the Milky Way!. As
for the retina, it contains around 100 millions of light-sensitive neurons (4.6 million
cones and 92 million rods) [2]. Meanwhile, a modern processor includes as many
as 59.4 billions of transistors? - building blocks of a computer circuitry. Biological
neural networks have the important property that the connections between neurons
are adaptive and can change over time. This is not the case for digital logic imple-
mented in a computer chip architecture.

Image encoding by the retina and cognition in the brain are produced through
complex neuronal firing patterns. However, many aspected of these patterns are
still poorly understood. For this reason, electrophysiological readout of biological
network activity at a single neuron resolution in physiological conditions is needed.
Yet, the experimental access for recording technologies to be applied to human brain
or retinal tissue is limited.

In the past years, important advances in the field of neuroscience could be made with
the introduction of cerebral and retinal organoids - multicellular three-dimensional
systems derived from embryonic stem cells and induced pluripotent stem cells [3,
4,5, 6]. These artificially generated structures mimic key aspects of neuronal be-

1 NASA
2 Mk?2 intelligence processing unit
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haviour and tissue architecture of organs. Nevertheless, it is still an open question
to evaluate the extent to which they replicate network function as seen in vivo [4, 7].

In this thesis I describe my work to build a platform to study the spontaneous
behaviour of a 3D neuronal network in a neural organoid generated for that
purpose. To achieve this task, the following experimental challenges have to
be overcome. Neurons communicate with their neighbours at a milliseconds
timescale via electrical signals, i.e. spikes or action potentials. Thus, the
functionality of a neuronal tissue needs to be assessed at this timescale in 3D
by studying its electrical activity at a single neuron resolution.

In the past, electrophysiological signals of single neurons within neurospheres [8, 9]
cerebral organoids [10, 11, 12] and retinal organoids [13, 14, 15] have been recorded
using patch clamp electrophysiology. The high temporal (sub-millisecond) resolu-
tion of this technique enables sampling of individual action potentials and thus the
determination of inhibitory and excitatory neuronal response upon external stim-
ulation. However, only few individual neurons can be inspected at once which
prevents the mapping of network connectivity. Advances in Complementary Metal-
Oxide-Semiconductor (CMOS)-based multielectrode array technology (MEA) have
allowed to capture extracellular potentials created by sliced neuronal populations to
analyse 2D connectivity and neural circuits in neurospheres [16], cortical cultures
[17, 18] and organoids [19], brain [6, 7, 20, 21] and retinal organoids [22].

Recently, 3D characterization of network behaviour in brain organoids was per-
formed by combining MEA with CMOS based shank probes [7]. While electrode
approaches offer unprecedented time resolution, their spatial resolution in 3D is
mainly limited by the ability to place electrodes at different tissue depths. As a re-
sult, single cell resolution in the third dimension (z) is difficult to obtain. In addition,
identification of neuron types comprising the network and as such the assessment of
tissue morphology is challenging due to limited optical access to the sample. This
is a particular drawback for characterizing organoids consisting of different neuron
types, for example cerebral and retina organoids [4, 23, 24].

Monitoring 3D network activity with simultaneous access to cell morphology is pos-
sible via microscopy using fluorescence based electrical readout, for example via
Calcium imaging [25]. The functionality of both cerebral and retinal organoids has
been characterized with confocal one- and two-photon microscopy [3, 26, 27, 28].
However, limited scanning speed of the confocal microscope experiments were re-
stricted to 2D. To overcome this challenge, custom microscopes have been developed,
including light-sheet and light-field microscopes (Table 2.2).

Using sophisticated custom-built optical setups, functional 4D (three space and
one time direction) activity mapping in Caenorhabditis elegans, zebrafish, and pri-
mary neuron cultures have been performed at scanning rates between 0.8 to 50 Hz
29, 30, 31, 32, 33, 34, 35, 36]. Moreover, artificial intelligence—enhanced microscopy
has improved the performance of a light-field microscope in functional imaging of
neuronal activity of the zebrafish brain [37].
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While these setups are in principle suited to perform volumetric imaging of neuronal
networks, they require advanced optical expertise in their assembly and alignment
[37, 38, 39, 40, 41, 42, 43, 44, 45, 46, 47].

In this thesis, a platform for 3D mapping of neuronal activity at single neuron
level is developed. It is a custom-built light-sheet microscope tailored to state-of-
the-art computational neuroscience tools [48].

The setup allows for calcium imaging of a broad range of samples in physiological
conditions with subcellular resolution at 5 Hz, which is the same temporal regime as
other custom-built microscopes. It is tailored to widely used Ca?*-imaging sensors,
but displays orders of magnitude lower complexity and costs compared to previous
implementations.

This thesis is organized as follows: Chapter 2 presents main concepts from neu-
robiology, biophysics, optics and image analysis which are necessary to paint the
problem landscape of studying neuronal systems. Chapter 3 discusses in steps the
approach implemented to achieve that goal. First, the setup’s design and charac-
terization in terms of spatio-temporal resolution is considered. Next, the generation
of a sample needed to validate the setup is presented. Further, an analysis pipeline
employed for information extraction is shown and used to inspect the behaviour of a
representative sample. Chapter 4 represents a summary of the key accomplishments
achieved in this work. Finally, Chapter 5 focuses on the outook and future prospects
such as a possible bridge between the experimental results obtained in the frame of
this thesis and a theoretical model (a Hopfield network).
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Chapter 2

Background

A world of dew,
And within every dewdrop
A world of struggle.

— Kobayashi Issa, A World of Dew

This chapter introduces concepts from biology, biophysics, optics and image
analysis that set this thesis in a proper context. First, the architecture and basic
functioning a neuronal cell will be discussed. Next, in wvitro models used to study
neuronal systems will be presented along with methods used to characterize their
structure and function. In particular, light-sheet microscopy and calcium imag-
ing will be described. Finally, state-of-the-art algorithm for calcium imaging data,
CalmAn [48] will be considered along with simple filters for image processing. The
work in this thesis, which is to establish a low-complexity experimental method
for characterising 3D neuronal systems, builds upon the concepts presented in this
chapter.

2.1 Neuron: unit of the nervous system

The term “neuron” was coined by Heinrich Wilhelm Gottfried von Waldeyer-Hartz,
German anatomist in his lectures to describe the nerve cell as the basic and discrete
structural unit of the nervous system [49].

2.1.1 Neuron anatomy

Neurons are electrically excitable eukaryotic cells in which the nucleus is contained
in a specialized compartment. The majority of neurons develop two types of unidi-
rectional projections from their cell body:

e numerous, thin dendrites - allowing the cell to connect to its environment and to
receive signals from its neighbours

e a single long thick extension - axon- which the cell uses to broadcast singles to its
environment (Figure 2.1 A.)

The inside and outside of the neuron is separated by a cell membrane - a thin (5 - 10
nm [54]) phospholipid bilayer. An electrochemical gradient is actively maintained
across the membrane which converts it into a fascinating capacitor (Figure 2.1 B.).
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Figure 2.1: Neuron anatomy A. Components of a neuron cell. B. Electrochemical gradient
maintained across a semi-permeable cell membrane in a resting state. Concentration of Na™ and
CI ions are higher inside the cell (IN) and lower outside (OUT). The opposite is true for KT ions.
For each ion species, the knowledge of its charge and concentration gradient across the membrane
allows to calculate a so called reverse potential, for which there is no net flux of this ion species
across the membrane. This can be done using the Nernst equation [50]. The reverse potential of
the membrane that takes into account all ions that can permeate the membrane can be calculated
using the Goldman-Hodgkin—Katz voltage equation [51, 52] Redesigned from [53].

Approximate ionic concentrations in the extra- and intracellular fluids are presented
in Tab 2.1.

Table 2.1: Extra- and intracellular ion contractions at resting state [25, 55]

Ion Cemtracellul(w [mM] Cintracellular [TTLM]

Na™ 140 12
Kt 4 135
Cr 116 4
Ca?t 1 ~ Tr10~*

Axons are enwrapped in periodically distributed segments of a fatty, insulating sub-
stance - myelin - which is produced mainly by:

e Schwann cells (in peripheral nervous system, PNS)
e Oligodendorcytes (in central nervous system, CNS).

Myelin acts as a electrical insulator and allows for fast signal conduction along
myelinated neurons. Conduction velocities for myelinated axons scale with o< a
where a is the radius and for unmeylinated axons o< +/a[56].

Regions non-covered by myelin (1 — 2um long), are called Ranvier nodes. They are
densely packed with voltage-gated ion channels embedded in the cell membrane.
2.1.1.1 Voltage gated ion channels

Voltage-gated ion channels are transmembrane proteins that are selectively perme-
able to a particular type of ions and allow for their movement across the cellular
membrane (Figure 2.2).
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Figure 2.2: Voltage-gated ion channels are selectively permeable to sodium, potassium, calcium
or chloride ions. Their state, open/close, is controlled by the membrane potential. Channel
properties such as ion selectivity and conductance are dictated by the amino-acid sequence and as
a result structure of the pore.

Their structural conformation and thus ion conductance is modulated by the
membrane potential value. For that purpose, channels are equipped with voltage-
sensing domains (Figure 2.2).

2.2 Neuronal signals

Synaptic communication between neurons occurs by means of action potentials (AP)
- transient changes of the polarization state of the cell membrane. They are primar-
ily generated by changes in membrane permeability to Na™ and K ions [57].The
propagation of these signals varies depending on whether the neuron axon is covered
in myelin - or not.

2.2.1 Unmyelinated neurons

The CNS is mainly made out of myelinated nerve fibres. However, PNS contains
many unmyelinated fibres. It turns out they retain a degree of plasticity and ability
to sprout collaterally which allows them to respond first to injury or disease in their
neighborhoods [58].

2.2.2 Hodgin and Huxley and the cell membrane

A quantitative description of the electro-chemical behaviour of the cell membrane
was put forward by A.Huxley and A.Hodgkin in 1952 (H&H) [59] based on their
voltage clamp experiments performed on a squid giant axon.

2.2.2.1 Squid giant axon

The anatomy of the squid giant axon was studied and described in 1909 by Leonard
Worcester Williams (L W Williams). One of the most remarkable features of these
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animals were their very large (up to ~ 1.5 mm in diamter) axons which partially
control the jet propulsion system that the squid employs to perform fast movements
throught the water. John Zachary Young demonstrated the function of the giant
axon in the laboratory which turned out to be pivotal for experimental electrophys-
iology [60]. Indeed, the surface of squid giant axon was large enough to allow for
the insertion of an electrode of &~ 500 ym in diameter and let Huxley and Hodgkin
conduct their current flow measurements.

2.2.2.2 Hodgin and Huxley’s experimental setup

To characterize electrophysiological properties of the cell membrane and its ionic
permeability, Hodgin and Huxley employed voltage clamp method, first proposed
by George Marmont in 1949 [61]( Figure B.) In their set up, two electrodes are
introduced into squid giant axon in a feedback circuit. Electrode 1 records voltage
across the membrane and compares it with the voltage set by the experimenter.
If the two voltages differ electrode 2 is used to inject current into the axon to
compensate for the difference and “freeze” the membrane at a desired voltage with
the help of a high-frequency amplifier. This injected current is necessarily equal to
current flowing through the ionic channels of the membrane. This granted H&H the
ability to directly record contributions to the ionic currents across the membrane
in a step-wise manner while minimizing the capacitive currents. In addition, the
approach allowed the ionic currents to be separated.

2.2.2.3 Hodgin and Huxley’s equation

In the H&H model, current flow across the membrane can be described in terms of
ions flowing via sodium and potassium voltage-gated ion channels as well as other
channels not modeled expilicitly. These are represented by leakage channels (for
example C17). The equivalent circuit representing the system is depicted on Figure
2.3.

e equivalent circuit

Each type of channel is represented by a resistor: for sodium Ry,, potassium Rg
and other channels R; (Figure A.). Arrows on the resistors indicates that the resis-
tances are adjustable and depend on the state of the channel (open/closed). The
ion concentration differences across the membrane give rise to Nernst potential,
which can be calculated for particular ions and are represented in the circuit by
three batteries: Ey,, Fx, E;. Their orientation reflects the overall concentration on
the inside and outside of the membrane of the particular type of ion ans as a con-
sequence, the direction of the ion flow upon channel opening (convention: inward
current positive). In practice, it is convenient to express specific potentials Fy,,
Ey, E; as displacements from the resting potential FE,:

Via = Eng — B, (2.1)
Vi = Ex — E, (2.2)
Vi=E —E, (2.3)

16



The total membrane current is decomposed into capacitive and ionic terms:

av
I =Cy—+1; 2.4
' (24)
where [ is the total membrane current density, C'y; is the membrane’s capacity per
unit area (assumed to be a constant ), V' is the displacement of the membrane po-

tential from it’s resting value, t is time and I; is the ionic current density.

e ionic contributions to observed current
Ionic current can be expressed in terms of the sodium, potassium and leakage con-
ductances and three time- and voltage-dependent variables n,m and h

av
I = CM% + §Kn4(V — VK) + gNam3h(V — VNa + g_]l(V — Vl) (25)
where gna, i and gg are constants with the dimensions of conductance (mmho/cm?
equivalent to mS/cm?). As for the gating variables n, m, h they are unit-less,
can adopt values between 0-1 (Figure 2.3) and are expressed in terms of voltage

dependent rates o and 3

CCZL =ap(l—n)—Fn (2.6)
dm

= am(l —m) — Bm (2.7)
CZ‘ = ap(1—h) — Buh (2.8)

Gating variables are meant to represent the portion of channel-activating or -inactivating
molecules on the inside (n, m, h) or outside (1 — n, 1 — m, 1 — h) of the membrane.
Rates at which these molecules are transferred across the membrane are dictated

by a and . n, m describe the activation of the potassium and sodium channel
respectively and h the blocking of sodium channel.

2.2.2.4 Action potential in terms of HH model

The elegant model proposed by H&H allowed them to describe a propagating action
potential in terms of dynamic changes in Na* and Kt conductances and the gating
variable (Figure 2.4).

Once the membrane potential reaches the threshold value of about — 55mV, mem-
brane permeability to Na™ ions increases (gating variable m increases) which further
reinforces depolarization.

Depolarization causes a slower rise increase of potassium conductance (gating vari-
able n increases), which results in efflux of K ions.

In a next step, Na™ voltage gated channels are inactivated (increase in h gating vari-
able) and further efflux of K ions re-polarizes and hyperpolarizes the membrane.
Action potential can not travel back because K channels remain activative while
Na™ channels are inactivated (refractory period). It takes several miliseconds for
the channels to de-inactivate and close when the membrane’s voltage reaches back
the resting state (Figure 2.4 D.).
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Figure 2.3: H&H expriment and findings A. Equivalent circuit for the membrane. Each type
of channels is represented by a resistor: Ry, (sodium), Rg (potassium) and R; (other channels), T
is the total membrane current density which is decomposed into individual ionic currents (sodium
Ina, potassium I, “leakage current’ I;), Cps is the membrane’s capacity per unit area, Fn, and
Ex are the equilibrium potentials for the sodium and potassium ions and E; is the potential at
which the “leakage current’ is zero. B. experimental setup used by H&H to study squid giant axon
in laboratory. Voltage across the membrane is measured, amplified (1.) and compared it with the
voltage set by the experimenter (2.). If the two voltages differ current is injected into the axon (3.)
to compensate for the difference and “freeze” the membrane at a desired voltage. Adapted from
[59] [62]

2.2.3 Signal propagation in myelinated neurons

High action potential velocities developed in myelinated axons cannot be described
in terms of the cable theory of ion diffusion. This realisation pushed theoreticians
to link the phenomenon to another physical mechanism. It will be briefly touched
upon in the next section.

2.2.3.1 Wave-type saltatory conduction

Very recently, a new conduction model emerged which constitutes an ion analogue
to electron plasmon-polaritons in metallic linear periodic system [63]. Conduction is
here described as a collective, synchronized ion oscillation in periodically organized
myelinated segments that propagate as a wave along the axon.

e Frequency of the plasmon-polariton must be tuned to the dynamics of opening of
Na*t channels and the ps time of gate triggering. It is the H&H cycle that dictates
the subset of wave frequencies (given by a subset of k wave vectors) that can be
maintained along the axon. Because of the geometry of the myelinated segments,
it is the longitudinal modes of plasmon-polariton wave that can synchronise with
H&H. That way, they are supplemented in energy and can polarize/depolarize con-
secutive nodes of Ranvier.
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Figure 2.4: Action potential in terms of gating variables A. Action potential graph describes
propagating changes of membrane potential (V) values at as a function of time. B. n, m, h gating
variables are membrane potential depended and their behaviour accounts for the C. changes in
sodium and potassium conductances during an action potential - m and h for sodium and n for
potassium. Noticeably, sodium conductance rises faster compared to the potassium. D. Two
regions within the axon can be distinguished during an action potential propagation - the part at
which the front of the depolarization wave (action potential) is currently present (D) and the part
where the front just past (R). Adapted from [59], [62].

e Another key factor for maintaining the dipole oscillations is the adjustment of
myelin thickness ¢ layer across which a pair of coupled oscillators is created (Figure
2.5). A mode with a beating frequency which matches gating-time of Na* channels
allows for synchronisation with the H&H. Other modes, out of synchronization and
thus not continuously supplemented in energy from action potentials are damped.
For more details the reader is encouraged to consult chapter 12 of the book “Quan-
tum Nano-Plasmonics” [64].
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Figure 2.5: Saltatory conduction Collective fluctuations of charge distribution are called plas-
mons. A. Action potentials are synchronized oscillations of local ion density that take the form
of a plasmon-polariton wave and propagate along the periodically myelinated axon B. Group ve-
locities of the plasmon-polariton modes are of the order of 100 m/s C. The myelinated axon can
be treated as 1D chain of electrolyte spheres between which dipole-type coupling of the dipole
plasmon-polariton nature can occur. Adapted from [63]

2.2.3.2 Representation of a neuronal network - summary

To set up the stage for further discussion, a cartoon representation of a neuronal
system and the properties of its building block - the neuron- are depicted on Figure
2.6. Electrically excitable networks of mammalian neurons as found in the CNS, are
densely packed, light scattering and optically opaque. Within the neuron, signals
travel from dendrites (IN), through the cell body, to the axon (OUT) at speeds that
depend on the type of neurons (myelinated or non-myelinated).
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Figure 2.6: Simplified look at a neuron system A. 3D neuronal network (3DNN) can be
seen as an electrically excitable, densely packed, light scattering and optically opaque material
continuously dissipating energy (it is alive!). B. The building block of the network is a neuron with
inputs (dendrites), a computational unit (cell body) that integrates incoming signals and an output
(axon) which transmits response signals (action potentials) to other fellow neurons. C. Depending
on the type of neuron, conduction can be slow, diffusion driven in non-myelinated (non-insulated)

axons and D. fast, wave-like in myelinated (insulated) ones. Inspired by [65]
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2.3 What do we need to study neuronal systems?

The minimal kit to study neuronal systems has to include a study material as well
as experimental and computational tools to inspect it:

e )

e Sample: Easily accessible neuronal sample

e Readout: 3D activity signal readout

e Resolution: Cellular® Spatial and Millisecond Temporal Resolution

e Analysis: Pipeline to extract information from a densely packed system’

2By cellular resolution around 5 pm is assumed (considering the soma of an averaged
neuron is about 11 pm [66]).

bdensely packed tissue can be understood as ‘crowded”. That means for instance that
if the tissue was to be imaged, strong overlap between distinct cells that should be treated
separately could occur.

In the next sections, each point will be addressed.

2.4 Sample: neural organoids

One factor limiting neuroscience research is difficult access to intact living brain
tissue. Excitingly, this issue has partially been solved with the advent of organoids,
3D organ-like structures. These artificial models recapitulate some aspects of the
functionality and tissue architecture of their natural counterparts. They have first
been generated using embryonic stem (ES) cells ! and later induced pluripotent stem
cell (iPS) 2.

So far, organoids resembling specific brain regions have been generated and em-
ployed inter alia for studying neuro- and pathology development, for instance to
model complex neurodegenerative diseases like Alzheimer’s disease (AD) [70, 71].

In 2011 Eiraku et al. showed a 3D optic cup formation from pluripotent stem
cells [72]. This opened the doors to the development of new retinal models for study-
ing retinagenesis and pathologies. This is how, in 2020 Cowan et al. reported the
generation of multilayered human retinal organoids which had light-sensitive cells
with functional synapses [26].

In this thesis, a protocol for creation of retinal organoids from mouse embryonic
stem cells was followed [73] to obtain an order 3D neuronal network (Figure 2.7).

'ES have the ability to self-renew and to differentiate to all of the cell types in the body. They
are obtained from the cells of the inner cell mass of preimplantation embryos[67, 68]
2iPS are generated from differentiated cells in the process of cell reprogramming [69)
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Figure 2.7: Mouse retinal organoids as model systems A. Schematic overview and timeline of
the culture protocol that includes seeding of a set initial number of mESC in U-bottom well dish to
allow for their aggregation and embryoid body formation. Within the first 7 days, neural epithelium
(NE) forms after what the induction of eyefield starts. At D10, organoids are trisectioned (cut
into 3 parts) and retinal neurogensis proceeds further. B. Cellular composition of mouse retina has
been compared to a D20 mouse retinal organoid. The organoid created a layered structured within
which the presence multiple of retina-specific cells has been confirmed: photoreceptors within the
outer nuclear layer (ONL), bipolar cells, amacrine cells and Mueller cells within inner nuclear layer
(INL) and the retinal ganglion cells in ganglion cell layer (GCL). Iinspired by [73] and vision-
research. To create the figure data from [73, 74] were used.
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2.4.1 Characterization of 3D samples

One of the ways to characterise the cellular architecture of naturally and/or artifi-
cially obtained biological samples is to employ the knowledge of molecular markers
which uniquely identify a cell.

2.4.1.1 Immunohistochemistry and cryosectioning

Detection of molecules of interest in tissue samples can be done using immnocyto-
chemistry (IF), which exploits selective antigen-antibody (AG-AB) binding. AG-AB
bonds belong to the category of weak physical bonds mainly involving: (I) hydrogen
bonds (II) Coulombic bonds (III) hydrophobic (IV) Lifshitz—van der Waals bonds
[75] One strategy used in IF is the indirect labelling (Figure 2.8) that includes two
steps:

1) primary AB binds to the component of interest (antigen)

2) secondary AB binds to the primary AB and since it is conjugated with a flu-
orophore, it provides a signal that can be detected for example in a fluorescent
microscopy setup.

In addition, as multiple IT AB molecules can bind to a single I AB, a signal ampli-
fication occurs.

The labelling mechanism relies on slow diffusive transport of antibodies (in this case
both I AB and IT AB). As a result, the penetration depth of AB into the 3D tissues
is limited and the achievement of homogenous labelling is challenging. Strategies
are being developed to expedite antibody transport with the use of external forces
such as an electric field [76].

The problem can however be mitigated by simply slicing the sample into sections
which grants access to layers located deep in the tissue. This can be done using
cryosection procedure that involves rapid freezing (-50°) and thin cutting of the
sample. The machine allowing to perform such procedure is called a cryostat. It is
equipped with a sharp blade and a precise stage that allows for sample manipula-
tion at low temperatures (-10 to -20°). Thin sections of the sample that can then
be transfer on to glass slides and labelled.
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Figure 2.8: Principle behind immunofluorescence staining A. Primary antibody (I AB)
binds specifically (though not covalently) to an antigen molecule present on the cell surface. Next,
a secondary antibody (II AB) conjugated with a fluorophore binds to the primary antibody and
provides a readout signal. It is possible to permeate the cell membrane and detect antigens present
inside the cell. B. The nature of the interactions between aminoacids forming both the antigen
and the antibody are non-covalent (thus reversible) and can be: hydrogen bonds (operative at
very short distances (1.5 — 5 A), Coulombic bonds (distances of the order of 100 A)), hydrophobic,
Lifshitz van der Waals.

2.5 Readout: functional characterization of neu-
ronal systems

Functional characterization of in wvitro generated neuronal systems such as neural
organoids is necessary for these systems to be used as model systems or test beds for
drug development. In this section, methods used for electrophysiological analysis will
be presented, ranging from current recording of a single ion-channel (patch clamp)
and activity dynamics of cell populations (2D and 3D MEA, soft mesh electronics
calcium imaging).

2.5.1 Patch Clamp

The behaviour of individual ion channels of interest can be investigated with the use
of a fine-tipped glass micropipette that when carefully position around cell mem-
brane can tightly seal it with a resistance of >1 G2 (Figure 2.10 A.). The trapped
channel can be exposed to various stimuli from within the pipette [83]. This con-
figuration is called cell-attached and is the most 'physiological’ as it leaves the cell
intact. Other patch clamp recording methods exist such as:

e whole-cell: the pipette gains access to the cytoplasm by rupturing the cell mem-
brane

e inside-out cytosolic surface of the membrane is exposed to air

e outside-out: the cytosolic side of the membrane faces the pipette solution

Whole-cell patch clamp has been used to characterized neuronal activity of 27 neu-
rons in human cortical spheroids [84]. However, whole-organoid network dynamics
can not be investigated with the excellent temporal resolution that the technique
offers.
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Figure 2.9: Methods for studying electrophysiology of neuronal systems offer various
spatial and temporal resolutions. Tissue-like and implantable electronics along with microscopy
techniques using calcium indicators allow to look at neuronal network in 3D at a single cell resolu-
tion. The advantage of microscopy is that activity and morphology of the tissue can be inspected
simultaneously. That opens doors for the establishment of a structure-function connection which
occurs in many biological systems. Capabilities of the setup presented in this thesis are represented
by a grey dot. The temporal resolution of the setup was limited by the used calcium indicator. It
could be improved if a faster indicator was used: jGCaMP8 [77](see 5.2.1). Adapted from [78],
(79]

2.5.2 Multi Electrode Array (MEA)

Neuronal electrical activity causes transient imbalances in ion in the intra- and
extracellular space. Locally, a charge separation takes place which gives rise to a
local electric field that can be detected with the use of an electrode or an entire grid
of electrodes: multi electrode array.

In general two types of signals can be recorded :

e network oscillations of small neuronal populations: superposition of action poten-
tials and synaptic potentials resulting in waves (duration: >10 ms, amplitude: from
hundreds of ¢V to 1-2 mV, bandwidth: 1-300 Hz)

e fast current fluctuations due to spiking activity of individual neurons (duration:
0.5-2 ms, amplitude: hundreds of 1V, bandwidth: 300-3000 Hz) [85].

Even though activity recordings obtained with this technique display a high spatio-
temporal resolution, they are limited to 2D.

2.5.2.1 3D MEA

CMOS-based MEA in conjunction with Neuropixels CMOS shank probes [86] have
been used to 3D characterize networks in human brain orgaonids [7]. Neuropixels
probes can be inserted into the active tissue to record extracellular action potentials
from individual neurons with a sub-millisecond temporal resolution.
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Figure 2.10: Methods for electrophysiological recording A. In the cell-attached path config-
uration, the potential difference between the pipette electrode and the bath electrode is measured
via a voltage clamp circuitry. In case Rpaten >>> resistance of the cell ( Ry ) and also Rpaten
>> pipette ( Rpipette) current flows through the patch and the trapped ion channel (zoom) can
be monitored. The quality of the seal between the pipette and the patch is given by the leak
resistance ( Rieak) and is in practice of the order of 10 G2. Cy and Cpipette represent the mem-
brane and pipette capacitances which are both small. B. Grid of multi-electrode results in a chip
on which 2D cell culture can be maintained. Each electrode can be address separately (i) to
extract fast current fluctuations due to spiking activity of individual neurons. In addition, local
field potentials resulting from superposition of action potentials and synaptic potentials (>10 ms
duration, hundreds of 1V in amplitude ) extending over an area covered by multiple electrodes can
be obtained (X) and the raw signal can be further filtered and decomposed into different contri-
butions. C. CMOS-based 2D MEA in conjugation with CMOS shank probes with electrode pitch
of about 20 pm allow for high spatio-temporal mapping of activity in 3D D. Integration of mesh
stretchable nano-electronics into an organoid allows for a three-dimensional readout of its surface
electrical activity throughout development. D. Variety of fluorescence microscopy techniques have
been proposed to record neuronal activity reported by a wide range of calcium sensors. They offer
the unique advantage of simultaneously recording network activity and its morphology in 3D in a
non-invasive way. Inspired by [80, 7, 81, 82, 83]

27



2.5.2.2 Soft nano-electronics

Li et. al reported in 2019 the generation of cyborg human cardiac organoids with a
mesh-like nano electronics sensor/stimulator integrated into their structure during
organogenesis [81]. Authors argue that incorporated nano-electronics did not affect
the 3D differentiation of iPSC-derived cardiac organoids and allowed to monitor the
evolution, propagation and synchronization of the bursting dynamics throughout
developmental stages of the tissue. The approach offers high spatio-temporal readout
of activity in 3D, it seems for now it is limited to the outer surface of the structure.
Similar work has been done by [87] where early-stage brain organoid development
has been looked at. Further investigation of the influence the integration of the
nano-electronics has on tissue growth should be conducted separately for each type
of sample.

2.5.3 Readout : Interlude

Introduction of the role of calcium ions and ways to study their role in neuronal cells
sets the stage to understanding the last set of techniques that will be mentioned in
this thesis and that are used for electrophysiological recordings.

2.5.3.1 Ca?t as a mediator of neuronal interactions

Calcium is involved in the regulation of a plethora of cellular processes and vital
aspects of the cell cycle starting from cell proliferation and ending at cell death
[88, 89]. It plays a key role in the transmission of neuronal signals and shaping
synaptic plasticity [90].

A. / B.
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dentrites /

} synapse
\

Figure 2.11: Synaptic transmission in a chemical synapse A. An action potential (symbolized
by L) travels down the axon of the pre-synaptic neuron to the dendrites of the post-synaptic neuron
B. Neurotransmission process, zoom in to A: 1. The action potential reaches the axon’s terminal
which causes a local change in membrane potential. That results in a conformational change of
voltage-gated Ca?t channels 2. Ca?" ions enter the presynaptic neuron through the open voltage-
gated Ca?t channels via Brownian flow 3. Ca?* ions signal a vesicle storing neurotransmitter
molecules 4. As a result, the vesicle binds to the docking protein 5. Neurotransmitter molecules
are released from the synaptic vesicle to the synaptic cleft (space between the two synapses)
via exocytosis 6. Neurotransmitter molecules bind to the receptors located on the post-synaptic
membrane. 7. Signal is initiated in the post-synaptic neuron. Adapted from [91], [53], [92] and
loretocollegebiology .
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The influx of calcium in the presynaptic terminal gives the green light for the exocy-
tosis of neurotransmitter-containing synaptic vesicles (for review, see [93]). The rise
of calcium ion concentration is essential for the transmission of an action potential
further in the network (Figure 2.11).

2.5.3.2 Track neuronal activity

Visualisation of neuronal activity, meaning electro-chemically mediated communica-
tion between neurons, in nervous tissues can be accomplished by following the flow
of Ca?*. One can do so with the use of calcium indicators that come in two flavours
- chemical dyes or genetically modified and encoded proteins [25].

2.5.3.3 Use of calcium sensors

The challenge resides in introducing a Ca?* reporter in the cell in an controllable
and efficient way. Moreover, the selected reporter needs to have a Kq value, bright-
ness and binding rate appropriate for the process one wants to study.

e chemical calcium sensors

Even though chemical calcium indicators have been optimized to offer a broad range
of Ca?*t affinities, it is difficult to control their localization while introducing them
into cell (loading process). In addition, this so called loading process can in itself
be damaging to the cell. Finally, chemical reporters, tend to be extruded from the
cell in the long term.

e genetically-encoded calcium sensors

On the other hand, genetically encoded calcium indicators can be introduced into
the cell using non-invasive gene delivery methods [94]:

- virial delivery systems

- lipofectamine

- lipid nanoparticles (LNPs) as utilized in the recent mRNA vaccinines by BioNTech
[95]

With these reagents, DNA or RNA of the calcium sensor is introduced in the cell
and needs to be translated into a protein.

Another possibility is to modify the cell’s DNA such that it produces the indi-
cator on its own [96]. Both approaches, allow to some extent for a cell-type specific
expression of the indicator.

With a control over the production of indicator molecules in the targeted structure
and another method allowing to verify cell identity (for example counter-staining)
one should be able to perform morphological characterization of cells in the system.
Such analysis would be a step towards establishing the structure-function relation-
ship.

In this work a fluorescent protein indicator has been used - R-GECO1. It has been
created based off of a fluorescent protein mApple protein was fused to Ca?* sens-
ing domain (calmoduin) [97] in the process of directed evolution in which random
mutations are introduced in the gene of interest to induce changes in the protein
properties. Binding of Ca?* results in a conformational change of the sensor protein
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Figure 2.12: RGECO1 sensor A. Structure of the protein in the cartoon representation. Two
parts can be distinguished : a fluorescent part (8 -barrel structure represented by thick arrows
with a chromophore molecule nestled inside) and the Ca?* sensor part formed by EF-hand motifs
(helix-loop-helix) B. each accomodating one ion (green balls). C. Rotated view of the protein, the
dashed box shows the cross section of the § -barrel which hosts the chromophore (NQR).

and change of the protonation state of the chromophore molecule it contains. As a
consequence a rise in fluorescence can be observed.

Only a simplified model of Ca?* binding, that does not include the conservativ-
ity, will be briefly discussed. The reader is encouraged to find out more about this
topic in chatper 12 of [98].

Entry of Ca?" that accompanies an action potential can be written as:

Ca?" + B == CaB (2.9)

off
where B represents a molecule (either naturally present in the cellular environment
or introduced artificially) with a Ca*" binding site and CaB is a calcium-bound
complex which associate with a rate constant k,, (mM~'s™!) and dissociates with
kors (s71). The ratio IZ—fj defines the so-called dissociation constant K, of process
2.9, is equal to the level of [Ca**]; (intracellular free Ca*" concentration) for which
half of the available Ca?* binding sites are occupied.

The reverse of K, defines the associative constant K,,, which decribes the level
of Ca?* at which a complex molecule forms. For example, for a B molecule with
high affinity to Ca?*, the binding process is characterized by a high K,, and a as
consequence low a K.

The dynamic range of Ca?" changes that can be monitored with calcium indica-
tors depends tremendously on the indicator’s affinity to Ca?t and the range of Ca?*
concentration changes in the monitored process. If B is assumed to be the calcium
indicator used in the experiment, its affinity has to match the levels of Ca®" that
are characterizing the system and expected to be monitored in the experiment. Too
high affinity will result in instant saturation of the indicator - too low affinity will
provide a non-sufficient signal to noise.
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Resting intracellular level of Ca*™ is < 107 mM and high about 0.1 mM (at the
site of a Ca?" influx during an action potential) High affinity 0.2-0.3 M and low
affinity are said to be about 50uM [98]. The indicator used in this work, R-GECO1,
has a K, of 0.48 uM [99].

2.5.4 Readout: Optical studies

It is now time to present the optical methods of recording neuronal activity, visual-
ization of which is enabled by calcium indicators - fluorescent molecules that increase
their quantum yield upon binding calcium ions and can thus report on intracellular
calcium concentration.

If the calcium influx is assumed homogenous throughout the cell compartment and
its duration is short compared to process resulting in calcium extrusion, it can be
approximated by a pulse-like influx, well expressed using the Kronecker delta func-
tion:

_ QCa2+

S 2+ —_ — _
Jinside A[OCL ]T 5(t tp) 2RV 5(t tp) (210)

where A[Ca*"|r is the total change in Ca?' concentration in the cell (in free or
bound form), ¢, is the time at which the pulse happens, Q¢q2+ is the total charge
that enters the cell during a given time period, F'is the Faraday’s constant and V/
the volume of cellular compartment.

In case multiple pulses reach the cells (a train of n spikes) 2.10 can be extended to
a sum of delta functions with ¢, running from 1 to n.

. QCa2+ n
Jinside = 2FV Z p:15<t‘tp) (211)

Calcium imaging has been implemented in various microscopy schemes (review on
strategies for volumetric microcopy techniques and in vivo calcium imaging [100,
101]).

A list of some of the ingenious setups that have been employed to optically study
neuronal activity in small animals, model systems and artificially generated samples
is presented in Table 2.2 The diversity and multitude of approaches demonstrates
how very active this field of research is. One of the categories in Table 2.2 is the
transparency of the imaged sample which has been color-coded as non-transparent
(—) and transparent (+). Shape of light-sheet along the illumination axis can
change depending on the sample properties. The illumination profile degrades in an
opaque sample. Because of that, it is more challenging to image a non-transparent
sample —. For that reason a red colour has been selected to indicate setups that
have assumed this challenge. The FOV in the table is for the majority of entries 3D.
However, in the work of Samarasinghe et al. [28] and Cowan et al.[26] a 2D FOV
was used.
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Figure 2.13: From a spiking trains to a fluorescence trace A. Series of action potentials
(a spike train) when reported by a calcium indicator, can be represented as convolution of delta
functions with the response function of the indicator. B. In an experimental setting, the fluorescence
trace is recorded along with noise E(t) and background B(t) which makes the extraction of spiking
trains challenging. This problem will be addressed in section 2.7.

Point-scanning:

Imaging strategies can involve point scanning of a sample of interest for exam-
ple using confocal microscopy and two-photon scanning microscopy. However, these
approaches do not allow for high volumetric acquisition rates necessary to study fast
3D neuronal dynamics.

Scanned focus:

In standard fluorescence microscopy, an increase in image acquisition rates can be
achieved when beam scanning is performed by an optical element such as electri-
cally tunable lenses. However, out-of-focus light is inherently part of such images as
no optical sectioning mechanism is implemented. Numerical removal of such back-
ground is possible when structured illumination is used. However, the need to take
multiple images per plane decreases the volumetric rate.

Multi focus:

In case the sample is weakly scattering and rather transparent, entire volumes can be
captured in a light field microscopy setup. Here, light emitted from different depths
in the sample is projected on the camera chip via a micro lens array. Signals can
be plane de-mixed using three-dimensional deconvolution algorithms. Dynamics of
extremely fast systems can be captured at the cost of spatial resolution degradation.
This can be mitigated by the introduction of sectioning capabilities, for example a
pinhole at the detection site.
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Extended Focus:

In extended depth of focus (EDOF) imaging, use is made of an engineered PSF,
designed to be axially extended. This can be achieved by means of masks modulat-
ing the wavefront of the fluorescence. Within one camera exposure, a focal sweep is
performed that results in the collection of images superimposed at all depths with
in the volume. Images can then be mapped to concrete planes using deconvolution
algorithms. Still, it is possible to the extend that the readout is not dominated by
out-of-focus background.

Scanned focus with intrinsic optical sectioning: light-sheet microscopy:
Focused and virtually background free 2D images are acquired in sequence either by
physically, axially translating the sample or axially scanning an illumination beam

across the sample. Volumetric functional data can be acquired with a cellular axial
resolution.
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Table 2.2: Optical techniques for capturing neuronal activity

Type FOV (um3®) Rate (Hz) T3 Cx* Ref

LS 665 x 665 x 60 5 —  low this work
Confocal NA NA — comm Lancaster et al. [3]
laser scanning STM 200 x 200 NA — comm Cowan et al. [26]
laser scanning STM — NA — comm Sakaguchi et al. [27]
laser scanning STM 500 x 500 NA — comm Samarasinghe et al. [28]
LS 800 x 600 x 200 0.8 +  high Ahrens et al. [46]

LS 1000 x 800 x 40 5 +  high Panier et al. [36]

LS ~ 830 x 430 x 200 2-3 4+ high Vladimirov et al. [40]
1P and 2P LS 500 x 200 x 200 5 — high Lemon et al. [42]
LMF ~ 830 x 430 x 200 20 +  low Prevedel et al. [41]
2P with TeFo 500 x 500 x 500 5.7 — high  Prevedel et al. [32]
LFM with EDoF 416 x 832 x 160 33 +  high Quirin et al. [29]
SCAPE 392 x 299 x 41 10 — high  Bouchard et al. [45]
SCAPE 392 x 299 x 41 25.75 + high Voleti et al. [39]
LFM Al-enchanced ~ 350 x 280 x 120 10 +  high Wagner et al. [37]
OCPI 223 x 127 x 200 20 +  high Greer et al. [43]

2P with elongated focus 270 x 270 x 100 30 +  low Lu et al. [102]

2P with CADoF 366 x 214 x 66 60 +  low Lu et al. [103]
confocal LFM @ 800 x 200 6 +  high Zhang et al. [38]

2P with ETL 500 x 500 x 100 4 + high dal Maschio et al. [35]
epi-fluorescence with ETL 500 x 500 x 200 10 — high Xiao et al. [104]

2P with ETL 500x 500 x 450 10 — high Han et al. [34]
HyMS with TeFo 765x 665 x 800 ~ 4.3-13 — high Weisenburger et al. [31]
TPM with OPLUL 375 x 112 x 130 14 —  high Kong et al. [47]

LS NA 1.5 +  high Markov et al. [33]
LBM ~ 600 x 600 x 500  ~ 10 —  high Demas et al. [44]
light-sheet with ETL ~ 668 x 384 x 140 25 + high Loza-Alvarez et al. [105]
miniaturized 2P ~ 510 x 510 x 40 7.5 —  high Zong et al. [30]

LS 500 x 300 x 200 3.3 +  high Yang et al. [106]

comm = commercially available setup
low = add-on to a microscope
high = complete stand alone custom setup

LS = Light-sheet

STM = Scanning Two-photon Microscopy
SCAPE = Swept Confocally-Aligned Planar Excitation
OCPI = Objective Coupled Planar Illumination

TeFo = Temporal Focusing

EDoF = Extended Eepth of Field
ETL = Electrically Tunable Lens
CADoF = Continuously Adjustable Depth of Focus
LFM = Light Field Microscope
2PLSM = 2-Photon laser scanning microscopy

HyMS = Hybrid Multiplexed Sculpted Light Microscopy

OPLUL = Optical Phase-Locked Ultrasound Lens
LBM = Light Beads Microscopy
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2.6 Resolution: Light-sheet microscopy

In light-sheet microscopy, a thin slice within a fluorescent specimen is illuminated
with a laser beam shaped such, that it locally approximates a plane of light. Light
emitted by fluorophore molecules excited within the slice is collected by a detec-
tion objective commonly localized at a right angle with respect to the illumination.
Thanks to the illumination’s geometry, the image of only a thin focal volume of
the sample is generated. This grants intrinsic optical sectioning and at the same
time allows to tremendously speed up acquisition compared to point-wise sample
scanning. Moreover, in such illumination schemes, the potential photodamage the
sample may suffer is reduced.

Perpendicular illumination was first put forward in 1902 by Siedentopf and Zig-
mondy to image colloidal particles by eye [107]. Implementation of such illumination
for fluorescent imaging was done over 90 years later by Voie et al. to image the in-
ternal architecture of the cochlea [108]. Later Huisken et al. idesigned selective
plane illumination microscopy (SPIM) to capture in wvivo the embryogenesis of the
Drosophila melanogaster [109].

2.6.1 Light-sheet described as a Gaussian Beam

A static light-sheet can be described using the approximate but analytical solution
to the paraxial wave equation which captures well the plane and spherical wave
characteristics of a light-sheet illumination where the light mainly propagates in
one direction and slowly diverges in two others. The reader is encouraged to consult
the chapter of Laser FElectronics by J.T. Verdeyen [110] for deeper insights into the
subject of Gaussian Beam description, on which this discussion is based.

First, for a source free region the Gauss law in isotropic homogenous media can

be written as: L L
V-D=0=V-E=0 (2.12)

where D and E are respectively the electric displacement vector (electric flux den-
sity) and the electric field vector. The divergence operator V can be split into the
transversal (V) and longitudinal (£) component such that equation 2.12 can be
re-written as:

- F =0 2.13
Vi B+ B ( )

where E = E, + E,2 are respectively transverse and longitudinal components of the
electric field and 2 is the unit vector in the longitudinal direction. Assuming that for
visible wavelengths (0.4 um < A < 0.7 wm) the longitudinal electric field component
E. can be neglected as compared to the transverse electric field component, the
solution to 2.13 is sought in the form

E(a:, y,2) =1t Egap(x,y, 2) e ** (2.14)

3Transparency (of the imaged sample)
4Complexity (of the setup)
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where £ is the unit vector in the xy plane (transverse direction) independent of z,y, 2
coordinates, Fj is the amplitude factor accounting for the intensity of the wave, e~**
captures the propagation behaviour of the wave which corresponds approximately to
a uniform plane wave and ¢ measures the deviation from this expected behaviour.
In addition, it is expected that 2.14 satisfies the time-independent wave equation -
the scalar Helmholtz’s equation:

VE+kin*E=0 (2.15)

where the wavenumber k = (27n)/)g, n is the medium refractive index and Aq is
the freespace wavelength. Upon inserting the electric field in the form of 2.14 into
2.15 it is found that:

o P

2 s r i
Viv—i2ko—+ 5 =0 (2.16)

If the variation of ¢ along z is slow, meaning that |0%¢/9%z| < 2k|0v/0z|, the
second derivative term in 2.16 can be neglected and the paraxial wave equation is
obtained:

o _

0z

The solution to 2.17 adopts the form ¢ = ¥ (r;, z) where r, = /22 + y? is the
transverse radial distance away from the beam’s axis. The solution is built from
three factors:

Vi —i2k 0 (2.17)

. radial phase factor
amplitude factor

2 2
w -t —i(kz—tanfl(i)) Ry
E(ry,z)= E (0) e v e *R)) e "IRE (2.18)
wl\z v
longitudinal phase factor

2
where R(z) = 2 (1 + (%R) ) is the radius of curvature of equiphase surfaces of the

wave fronts. As for wy and zg, they are respectively the waist (“minimum spot
size”) of the Gaussian beam and the distance along which the depth of the light-
sheet increases to 2 /2wy, so called Rayleigh length (zz): relation between them can
be found for the profile of the Gaussian Beam in the transverse direction (meaning
when (ry, z = 0) = e™"i/0)

22r  AoZR Tnw?
T S W (2.19)

where )\ is the free space wavelength. The general description of the divergence
of the spot size along the propagation axis z is given as the hyperbolic relation:

2 _
Wy =

w(z) = wo /1 + (;)2 (2.20)

The solution E(ry, z) 2.18 constitutes the lowest order Gaussian Beam.

The waist of the light-sheet wyg and Rayleigh length z;¢ in an experimental setup
close to the focus can be estimated with the knowledge of the illumination numerical
aperture (NAy,) as proposed in [111]:

il
= 2wy =2 ) 2.21
wrs wo <7TN Ai”> ( )
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2
ZLS:2ZR:2<7T;LUJO> . (222)
all

where \;; is the illumination wavelength. It is crucial to note that the thickness of

the light-sheet decides the optical sectioning capabilities of the system and its axial
resolution.

2.6.2 Optical Resolution

In this section, theoretical and experimental concepts used to evaluate the resolution
will described.

2.6.2.1 Point Spread Function

Imaging capabilities of an imaging system are usually evaluated with the use of a
point spread function (PSF), which is the response of the system to a point source
of light. Electronic image sensors such as CMOS used in this thesis, are sensitive
to light’s intensity, therefore it is the intensity PSF H(z,y, z) that is exploited to
obtain the object’s image

H(z,y,z) = h*(z,y, 2)h(x,y, 2) = |h(z,y, 2)|* (2.23)

where h(z,y, z) = |h(z,y, 2)|e' *@¥) is the amplitude PSF that captures the phase
(¢) of the electric field oscillation at the position z, y, z.

A fluorescent object can be thought of as a structured collection of individual point
light sources. Microscope’s optics convolves each point source O(x,y, z) with the
systems intensity PSF H(x,y, z), which yields the object’s image I(z,y, z) as

I(x,y,2) = O(x,y,2) x H(z,y, 2) (2.24)

The shape of the 3D intensity PSF can be approximated by a 3D Gaussian with
its lateral and axial extent o,, and o, 4 predicted by the Stelzer-Grill-Heisenberg
(SGH) theory for circular apertures [112, 113]:

/\det
- 2.25
Tov T V3 — 2C0S Qe — COS 20044 (2.25)
1
Orsys = —F———— (2.26)
24— +
z,all z,det
3\ 2
Ol = 72% °R (2.27)
)\det
z,det — 2.28
Tz,det n (1 — cos ge) ( )

where « is the half opening angle of the illumination or detection in radians, which
is given as the arcsin(NA;;/n) or arcsin(NA . /n).

Experimentally, radial and axial profiles of the intensity point spread function of the
setup can be measured by imaging sub-diffraction-sized fluorescent beads. Their e%
radius along corresponding axis gives a measure of the x,y and z resolution.
Evaluation for the setup will be presented in the result section 7.
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Figure 2.14: 1D gaussian as a model of 3D PSF intensity. Two commonly used measures to
characterize a Gaussian peak are its full width at half maximum (FWHM) and its 1/e? diameter,
which can be expressed in terms of the peak’s width o as 20v/2 In2 and 4 o respectively.

2.6.3 Scanning of the Sample

Two types of sample illumination for functional imaging can be distinguished:

e scanning beam illuminates an immobile sample with the use of an electro-optic
element (i.e. galvo mirror system),

e static beam illuminates consecutive planes within a sample displaced perpendic-
ularly with the use of a stage (i.e. piezo-electrically driven stage).

2.7 Analysis: of calcium imaging data

The advantage of using calcium imaging for neuronal networks activity studies is
the ability it gives to simultaneously monitor large, complex neuronal structures at
a single cell level at, in principle, single action potential resolution. However, the
extraction of this information from large and often noisy images turns out to be
challenging. Among popular softwares used for calcium imaging data analysis are
SIMA [114], CNMF-E [115], Suite2p [116], ABLE [117], SCALPEL [118], MIN1PIPE
[119], SamuROI [120] and CalmAn [48].

2.7.1 What should the software be able to do?

Main expectations towards the software are that it should:

1) correct for motion artefacts that commonly occur for live samples imaged over
prolonged periods of time

2) segment images into regions of interest that often overlap and show different
signal-to-noise ratios depending on their position in the field of view

3) automatically extract fluorescence signal for each region of interest ( the signal
can have an amplitude significantly smaller than the noise present in the image)
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4) deconvolve the spiking activity from the calcium indicator dynamics.
And finally, the last point crucial for this work:
5) perform 1)-4) not only for 2D (single plane) but also 3D data (volumetric data).

A software that offers a robust pipeline that covers steps 1)-5) is CalmAn (Calcium
Imaging data Analysis) toolbox [48].

2.7.2 Mathematical formulation of CalmAn

CalmAn employs the concept of matrix factorization to reduce the dimensionality
of calcium imaging data and decouple temporal and spatial components. In general,
the goal of matrix factorization is to approximate the data matrix V as V ~ WH,
where W and H are non negative factors (Figure 2.15). This is because both
the spatial footprints as well as their temporal components should not adopt neg-
ative values. This method has been initially proposed and applied for parts-based
representation of faces and semantic features of text [121, 122].

In our case, spatio-temporal fluorescence data is decomposed into an outer prod-
uct of i) a spatial matrix, that stores spatial footprints of active neurons in the field
of view and ii) a temporal matrix, that describes the calcium concentration of iden-
tified neurons as function of time. In addition, background and noise terms of the
same dimensionality as the raw data matrix are included to explain the remaining
fluorescence signal in the field of view. Importantly, spatially overlapping neurons
can be separated and their activity de-mixed. This is not possible in case when lin-
ear decomposition into independent components is sought (like in case of Principal
Component Analysis(PCA) / Independent Component Analysis (ICA))

\% W H

Figure 2.15: Graphical representation of matrix factorization where matrix V is decomposed
into two smaller matrices W and H which upon mulitplication will best approximate V.

Calcium imaging data have several characteristical features that stem from the
nature of the studied object, which allow to impose constraints on matrices W and
H which we look for, namely:

e size of the fluorescence sources correspond to a neuron soma
e behaviour of fluorescence is dictated by the dynamics of the calcium indicator
e non-negativity of activity traces

Taking these constraints into account allows to find an elegant representation of
the data where it is separated into defined contributions[123], [48] in the following
form:

Y =AC+B+E (2.29)

where:
- Y € R®T is the observed data written in a matrix form with d being the total
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number of pixels/voxels and T' the number of acquired time points

- A € R%N stores the spatial footprints of N active neurons in the FOV in the form
[ai, ag,...,ay], a; € R¥!

- C € RM*T stores the temporal components in the form [cy, ca,...,cx]|T, where indi-
vidual components ¢; € RT*!

- B € R%™T js the background matrix, which is modeled as B = bf, where b € R%™
f € R™*T" are respectively the matrices of spatial and temporal background compo-
nents and n, is the number of background components, more components can be
used to model a more complex background signal

- E € R%T ig the noise term modeled as zero mean Gaussian with variance o2

2.7.3 Graphical explanation of CalmAn algorithm

To illustrate better how the concept of matrix factorization is used here, a simple
example of a small (9 pixels in total) 2D field of view can be looked at (Figure 2.16).
Numbers can be assigned to pixels in 2D time series (xyt stack). One can notice
that major intensity changes over time take place for pixel # 5 where the soma of
the neuron is located. If intensity over time for pixel #5 is extracted and plotted,
it will resemble some sort of rise and decay function (see section 2.7.5.1). To filter
out the background and noise present in the xyt data and extract the neuronal
activity which is of interest, FOV at each time point ¢ is linearlized to a vector and
stored in matrix Y, which is then decomposed into the three terms: the spatio-
temporal neuronal activity matrix a; ¢! (where 7 runs over identified components),
the background B and the noise FE.

In a more complicated case, when a second neuron can be placed in to FOV (Figure
2.17), the observation can be made again that the neuronal activity is best captured
by the intensity over time change of pixels #5 and #6.

The A matrix will then store two columns representing the footprints of identified
neurons and the C' matrix their respective activity traces - their product yields the
filtered spatio-temporal activity. Authors show the algorithm achieves near-human
performance in identifing active neurons in the FOV. F1 scores ® are respectively
around ~ 0.85 for human labeler and ~ 0.76 for CalmAn.

2.7.4 Image preprocessing

Pre-processing steps before signal extraction include filtering and motion correction.
How and why these two are performed will be described below.

2.7.4.1 Filtering

Background of different type and intensity is present in calcium imaging data de-
pending on the microscopy technique used to obtain it.

For example, in the case of two-photon data the background is reduced, as the near
simultaneous absorption of two photons by the same molecule is required to access
a given excited state [124] which in turn reduces the excitation volume compared

5F1 score combines presision and recall and is a measure of test’s accuracy.
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Figure 2.16: Simplified explanation of the CNMF algorithm with the steps taken during
CNMF procedure. A. The spiking behaviour of an active neuron located in a small FOV (3 pixel
x 3 pixel) is captured at different time points during 2D calcium imaging. B. Upon inspection, it
is clear the main change in pixel intensity occurs for pixel # 5 where the cell body is located. The
fluorescence over time can be extracted and plotted for this pixel. C. The 2D FOV at different time
points ¢ can be linearized and stored in a matrix that can then be decomposed into 3 contributions:
(1)a;cl product of a spatial component a; that encodes the location and shape of the active neuron
i (in this case the neuron is recapitulated by including only pixel # 5 with the neurons temporal
component ¢! that describes the calcium activity over time of the component a;,(2) background
term B and (3) noise term E. D. The extracted spatiotemporal activity a; ¢! can be reshaped

(3
back to the original dimensions of the FOV free from the background and noise contributions.
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Figure 2.17: CNMF performance when multiple neurons are present in the FOV A.
Pixels belonging to the each neuron are identified (even in case of an overlap). B. In this simple
example, activity of the two neurons can be sufficiently captured when limiting their spatial foot-
print to pixels #5 and #6 respectively. C. The reshaped AC explains the observed spiking activity
in the most efficient way. Importantly close or even overlapping neurons can be separated.

to the one of single-photon absorption. Light sheet data offers intrinsic optical
sectioning with little to moderate out-of-focus light reaching the camera chip. When
the background can be explained by global fluctuations of the FOV, the approach
described above performs well for small FOV. For larger FOV, the data can be split
into smaller patches and analyzed in parallel. This model can be used for two-photon
and light-sheet data, both of which show low background.

However in case of the light-sheet microscopy data presented in this thesis, the
background turns out to be high compared to the intensity of the activity signal
(neuron firing), the reason for that being a relatively low brightness (product of
quantum yield and absorption cross-section)®. As a result, some of the events are
“sucked” into the background. Zhou et al. [115] developed and successfully applied
an extended model for the background in microendoscopic data, which resembles
the background displayed in the data obtained in this work. Unfortunately, this
model has not been extended for 3D analysis.

2.7.4.2 Background signal removal

To partially remove some of the background signal, low-frequency contributions were
filtered out using a simple Fourier filter (Figure 2.18). Low frequency signals were
excluded with an adjustable circular mask applied to the Fourier domain image of
individual input images, effectively setting pixels laying inside the circle to zero.
Next, the resulting image was inverse transformed (IFFT) to yield a filtered image

6for values of brightness of RGECOL1 see https://www.fpbase.org/protein /r-gecol /
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(Figure 2.18). This way, only smaller objects that have the potential of being active
neurons should remain in the FOV.

After that, a model dedicated to low background data, such as 2-photon calcium
imaging was applied.

Image 0Moos/ced FFET divfactor = 10 ] IFFT

50

200
250 250

300 300

350

150 200 250 300 300 0 50 100 150 200 250 300

Figure 2.18: Example of the filtering procedure A. The original image is fast Fourier trans-
formed to remove low frequencies contributions by B. masking them with an adjustable circular
mask. C. In the next step, the filtered image is transformed back to the time domain via an Inverse
Fast Fourier Transform.

2.7.4.3 Why is motion correction needed?

When performing functional imaging of live tissues one has to take into account
that the sample can move in the field of view even if steps are taken to restrict the
movement by applying some sort of sample-immobilization methods. Motions can
include translations, rotations (rigid transformations) as well as change of shape and
size of the sample (non-rigid transformations).

In this work, the sample was not fixed (for example in agarose) therefore natural
tissue movements are possible. In addition, to acquire volumetric functional stacks
the sample is moved by the piezo-stage along z-axis at 5 Hz through what can cause
additional motion.

2.7.4.4 Magic of NoRMCorr algorithm

For motion correction, CalmAn implements NoRMCorr algorithm which belongs to
the family of template matching algorithms [125] and has the advantage of being
able to compensate for both rigid and non-rigid deformations.

2.7.4.5 Setting up the algorithm

The algorithm is set to operate in a piecewise fashion. First, a template is created
as a median of the first few data frames along the t axis or a set of random frames.

step 1: rigid motion correction

Registration is the process of aligning the frame to the template and calculating dis-
placement vector between the frame and the template for rigid motion correction.
Each frame is registered against the template to correct for rigid deformation.
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step 2: non-rigid motion correction

The FOV is split into multiple overlapping patches that are each aligned to the cor-
responding part of the template. Importantly non-rigid deformation along all axes
(x,y,z this case) can be accounted for. By up-sampling the grid of patches, smooth
motion field for each frame generate and the patches can be merged together into a
coherent image by smooth interpolation.

2.7.4.6 How is the frame aligned to the template?

Optical pattern recognition followed by image matching can be achieved using cor-
relation techniques. For example, to know if a small patch (P) (Figure 2.19) is part
of the a frame template (T), one can compare the two images by “sliding” the patch
across the other template. The centre of the patch is placed at each position (i, j)
in the template - at each time the similarity between the patch and the (effective)
part of the template ( that has the same shape and size as the patch) is compared-
the measure of this similarity is the correlation coefficient, which can be written as

c(i,j) = p"t(i, ) (2.30)

where p is a vector containing the pixel values of the patch and t a vector containing
the pixel values of the “window” in the template that the patch is being matched
to and which has the same shape and size. When this product is computed for all
positions (7, j) in the template an output image J(i, j) forms.

JG,5)= > > Tli+aj+y)P,j) (2.31)
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Figure 2.19: Example of image matching The search for the occurrences of the patch in the
image can be understood a “sliding” the patch across the template and cross-correlating the patch
with the “window” of the template of the same shape and size.
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The choice of the summation stems from the assumption that the patch is a square
image with 2h+1 pixels on their side. One can imagine the frame template and the

{ragment of the Template Image
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Figure 2.20: Highest cross correlation value for position (4, j) is obtained by displacing the deformed
patch on the template patch by a certain displacement vector.

current frame being split into patches (Figure 2.20). Next, the computation of their
the cross correlation value and position 7, j of the maximum cross correlation peak
can be performed. Finally, one can calculate the displacement vector allowing for
best match of the current frame patch with the frame template patch. In that way,
a motion field is being inferred that can be then applied to the original data frames.

2.7.5 Caiman framework step by step

The routine can be summarized in five steps:

(1) Determination of the dynamics of calcium indicator used in the study autore-
gressive (AR) model dynamics and noise power for each voxel.

(2) Initialization of A, b, C', f using one of the initialization routines that CalmAn
software includes.

(3)Application of constrained alternating matrix factorization to optimize in pairs
A, band C| f.

(4) Merging and/or removal of existing components.

(5) Repetition of steps 3 and 4 until user defined conditions met.

All steps will be briefly explained in following sections.

2.7.5.1 AR process

Fluorescence measurement as reported by calcium indicators can be treated as a
time series of somatic (in cell body) calcium concentration. A way to model such
time series is by employing a class of autoregressive models which perform regression
of the next term in the time series on a number of previous values of the same time
series (p). Therefore calcium concentration over time ¢(t) can be approximated as

c(t) = i v ot — k) + s(t) (2.32)
k=1

were $(t) is the number of spikes that a neuron fired at time point t. With a p = 2
process, both the decay (7;) and rise time (7,.) of the calcium spike can be modelled
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in the form of :

(2.33)

et et >0
0, t<0

In case sampling occurs at a slow rate or the dynamics of the used indicator is slow
(our case), the events occur in the data instantaneously (7, = 0) and then p = 1.

Observed fluorescence can be represented as:
y(t) = alc(t) + B(t)) + E(t), E(t) ~ N(0,0%) (2.34)

y(t) is the fluorescence observed for each voxel, «v is a nonnegative number that scales
the spike amplitude and the noise F(t) is assumed to be i.i.d. zero mean Gaussian’
with variance o2. The noise term can be determined from the power spectral density
of y 8. As for the ~ coefficients in 2.32, they are obtained by using the fact that
the autocovarience of y has to satisfy a certain recursion. Further details regarding
this and other methods employed for model parameters estimation can be found in
[123] and its Supplemental Information accompanying,.

2.7.5.2 ROI initialiazation routines

Greedy ROI initialization is used to obtain best guesses of for A = [ay,..,ak],
C = [cy,..,ck]T and b,f.

The name “greedy” stems from the problem-solving heuristic used by greedy algo-
rithms which is to find an overall optimal solution to a problem by making at each
step locally optimal choices. Greedy methods are suitable for solving problems for
which a local optimal solution leads to finding a global solution.

In essence, the routine relies on locating possible neurons using spatial filtering
methods . Greedy ROI routine requires as inputs raw data (Y € R%7) which is then
stored in a matrix R. Further, the user needs to specify the number of components
K that should be initialized. In addition, a Gaussian kernel with standard deviation
(7w, Ty, T») approximating the size of a cell body has to be defined along with the size
of window corresponding roughly to twice the size of an average neuron (w,, w,, w,).
A Gaussian blur matrix D € R%? is then constructed from such vectorized 2D
Gaussian kernels centred in each ¢ column at the corresponding pixel i. First, each
pixel is centred around zero by subtracting its median. Next, neuron-like intensity
sources are sough in the data. This is done by acting on the data with the Gaussian
blurred matrix (DT) (Figure 2.21). That way, the all voxels are probed for the
possible presence of a neuron. Each identified component has a centre that is the
voxel with the largest variance.

2.7.5.3 Constrained alternating matrix factorization

The process of refining the initialized A, C' and b, f is done using the alternating
matrix factorization: spatial components A, b are estimated given temporal compo-

Telements are Independent and identically distributed

8Power Spectral Density is a function of frequency that represents the distribution of signal
frequency components

9in very broad terms, it is a group of methods which are used to alter the content of an image
by removing certain spatial frequencies that make up the object of interest
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Figure 2.21: Greedy ROI initialization A. Neuronal network in a 3D FOV at each time step
(here t = 1) can be B. linearlized to a d x 1 vector which then can be stored in a matrix form
(Y € R%T ). C. A Gaussian blur matrix D € R94 is constructed from vectorized 2D Gaussian
kernels centered in each ¢ column at the corresponding i. That way, the all voxels are probed for
the possible presence of a neuron. The kernel is contained in a window (w, w,) with a has (75, 7))
initial point standard deviation.

nents C, f and the other way around. Next, C, f are updated using newly obtained
A, b.

Note that each column of A describes the location and shape of an active neu-
ron in the FOV. By imposing a sparsity constraint on A shape compactness of the
identified neurons is promoted. This is done by minimizing the {; norm!° of A.
With the knowledge of C* 1 and f* 1 from the previous iteration a new spatial
matrix A*¥ and background b* can be computed by solving a convex problem .

2.7.5.4 Merging ROIs accross planes

During initialization, a single neuron can be split into multiple components. To
merge such neuron back into a single component a merging procedure needs to be
implemented. CalmAn uses graph theory to identify such cases. Identified compo-
nents are represented as nodes of a graph connected via edges if their spatial overlap
exceeds a certain threshold. Next, a search for maximal cliques in such a graph is
performed (Figure 2.22 A) 2. A correlation matrix of the temporal components of
nodes belonging to the maximal clique is then computed. Finally, a threshold for
the correlation coefficient is set to find the largest principal sub-matrix'® where all
correlation coefficients exceed the threshold. In addition, at this step components
might be removed if their spatial compactness and temporal behaviour does not
satisfy the imposed requirements.

10
11

sum of the absolute values of all matrix entries
a real-valued function is convex, if one can draw a line segment between any two points on
the graph of the function and finds that it is located above the part of the graph between the two
points.

123 clique is defined as a subset of nodes of an undirected graph (order in which nodes in such
graph are connected is not relevant) where every two distinct nodes are then adjacent

133 square matrix obtained by removing certain rows and columns of a given matrix
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Figure 2.22: Principle behind component merging Examples of possible cliques are presented
in A. and B. A four node graph where every node is connected with every other node via a unique
edge forms a clique that is at the same time the maximal clique for this graph. On the other
hand, in a five node graph in B. two cliques can be distinguished where clique #1 is the maximal
clique for this graph. C. Multiple components across several z planes were identified. They are
used to form a graph with edges occurring between nodes if the spatial overlap between the pair
of components is above a set threshold. Next the maximal clique is searched for and a correlation
matrix of the nodes which form this clique is computed. Finally, components forming the largest
principal sub-matrix with correlation coefficient above a set threshold are merge together.
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2.7.6 Quantify synchrony

What the C' matrix stores is something like an encrypted conversation between
neurons forming the network and its underlying synaptic architecture. One approach
to try and decipher the code or at least get some insights regarding it, is to study how
activity traces co-vary in time. This means to study synchrony between them. Two
types of such synchrony can be distinguished: global synchrony and local synchrony.

2.7.6.1 What information do correlations provide?

Correlation studies can constitute the first step into studying the functional connec-
tivity of a neural circuit and give a glimpse into how it works, if groups of neurons
have common inputs or synaptic interactions. However, one has to be very careful
as to making claims about insights that synchrony alone provides. For example,
oscillations have been reported to arise naturally as a result of intrinsic properties
of neurons[126].

2.7.6.2 Global synchrony

A “snapshot” image of global synchrony can be provided by standard correlation
measures such a Pearson correlation coefficient.

cov(X,Y)
rp =
Ox0Oy
1 n
cov(X,Y) == (z; —T)(y; — V)
i=1
1 n
_ e (2.35)
ox n_1 ; (zi —7)
1 n
_ _ )2
oy n—1 gt (yz Z/)

where T and 7 are mean values of X and Y, n is the lenght of X and Y. In our case,
X and Y are two fluorescence time traces c. However, the activity signal amplitude
of a neuron is influenced both by the type of neuron (biological reality of the sample)
but also at its position in the FOV - close or far from the illumination site, deep
or not in the imaged tissue (setup’s hardware reality). Because of that, rather than
studying the linear dependence between the raw traces monotonicity between rank
traces can be measured. By mapping traces to the same rank range one can limit
the impact that amplitude differences have on the correlation analysis. For that
is suffices to replace X and Y with rank variables X, and Y,, ox,, oy, and a new
correlation coefficient - Spearman’s rank correlation coefficient rg can be computed.

X,.Y,
rg = 2R Yr) (2.36)

O-XTO-Yr
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2.7.6.3 Local synchrony

The similarity between two time series can be measured using the time-lagged cross
correlation that yields a shift - lag - for which the signals, when displaced by this
shift one with respect to the other, have the largest similarity (correlation). In case
the lag is not equal to zero, a leader-follower relationship between the signals can
be suspected.

(f % g)(r / FH(t)g(t +7)dt (2.37)

where f*(t) is the complex conjugate of f(t), 7 is the lag, meaning that a feature
that occurs at f at time t happens at g at time ¢t + 7.

2.7.7 Spike train interference for fluorescence traces

To gain deeper insights into the dynamics of the network interactions it is crucial
to deconvolve the spike trains from the dynamics of the calcium indicator. It is not
the broadness of the signal peaks that causes issues in further analysis, for example
in time lagged cross correlation when directionality between signals is wished to be
investigated. Figure 2.23 depicts a situation when action potentials are modelled
as Delta Functions and much wider Gaussian peaks.

3 1 _A. 3 N B.
= ! — 1| = — 1
3 1 3
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g | g
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14 ' 11 '
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= |l S |
O 1 : i : 0 L i T
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Figure 2.23: Calcium activity vs. Spiking activity A. Synthetic data where neuronal activity
reported by calcium indicator is simulated by Gaussians and B. the deconvolved spiking activity
is simulated by Delta functions. At corresponds to the lag 7 present in equation 2.37

Peaks from Figure 2.23 A. and B. could correspond respectively to events non-
deconvolved and deconvolved from dynamics of calcium indicator. Still in both
cases, the cross correlation operation shows the highest correlation of the two signals
can be achieved with a lag of 50 s.
However, signals modelled in Figure 2.23 are noise-free. Therefore, a closer to
reality situation is presented in Figure 2.24 where a hypothetical pair of neurons
fires two action potentials each with the observational time.

The cross-correlation of the signals results in a clear triplet-like with peak ra-
tios 1:2:1. This cross-correlation structure is lost when random noise is added to
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Figure 2.24: Delta function-like spikes and noise Synthetic traces generated for hypothetical
a pair of neurons that fire two action potentials each at different times but with the same time
interval. The cross-correlation of the signals results in a clear triplet-like with peak ratios 1:2:1.
B. Random noise is added to the two signals from A. such that the action potentials are not
easily distinguishable. The cross-correlation structure is degraded and no substantial information
regrading the two inputs signals is obtained.

the two signals such that the action potentials are not easily distinguishable. The
cross-correlation shape is degraded to the point where it doest not carry substan-
tial information regrading the two inputs signals. The need for signal “cleaning”,
meaning going from Figure 2.24 B. to A. is now even more obvious.

2.8 Image Restoration

Light-sheet microscopy images obtained in setup with a with static beam suffer
from a contrast loss away from the illumination site. In addition, a stripe artefact
is observed that is a result of absorbing or scattering structures present in the
illumination path. A variety of filtering tools exist that partially allow to mitigate
these effects and maximize the information content. Few simple examples will be
mentioned in the next section.

2.8.1 Stripe artifacts filtering

Different methods have been developed to address this issue that involve either
optical or digital solutions (for a recent review see Ricci et al. [127]). Since stripes
show some level of spatial regularity, a simple way to digitally to reduce the stripes
and image quality is by removing characteristic frequencies components from the

Fourier Transform of the original image and transforming the result back (Figure
2.25).
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Figure 2.25: Stripe filtering from the Fourier Transform of the original image A. Original
image with selected regions affected to different extent by the stripe artefact. B. Inverse Fourier
Transformed image, in which frequencies contributions corresponding to the stripes have been
removed. Right most panel depicts regions 1, 2 and 3 from A. and the corresponding regions in B.
(scale bar: 100 um)

2.8.2 Minimize blur and accentuate details

Unsharp Filter

For display purposes, one can use filters to accentuate details in shapes and de-
crease blur present in the image. An example of such filter is the Unsharp Filter.
The procedure consists of creating a mask which can be next scaled by a weighing
factor and added to the original image (Figure 2.26 C.)

In the first step the input image is Gaussian blurred to remove sharp edges. Next,
it is multiplied by a factor > 1. to produce a mask (Figure 2.26 B.) which can be
added to the input image. For quantitative analysis, other types of filters are rec-
ommended. This is because image intensities are not preserved and the summation
of the processed image includes only a fraction of the original image.

Figure 2.26: Example of Unsharp masking an image A. Original image is used to B. create a
mask (in this case the mask is not scaled, weight = 1). which can then be C. added to the original
image to yield the masked image. Scale bar: 100 um
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Top Hat Filter

One such group of filters are Morphological filters. As an example the Top Hat
filter will be briefly presented. It consists of two operations: erosion followed by
dilation (so called opening operation). In both cases, operations are performed by
probing the input image with a matrix selected such that its shape and size match
the structures one wishes to process in the input image. Such object is called the
structuring element. First, the erosion is performed which will reduce shapes con-
tained in the image, make them more visible and fill in small gaps they can contain.
The structuring element is superimposed on top of the input image such that origin
of the structuring element overlaps with the input pixel coordinates (red central
pixel in the structuring element in Figure 2.27). The value of the inspected pixel
is assigned a new value equal to the the minimum value among all pixels forming
the neighbourhood of the origin of the structure element. In the next step, shapes

erosion

(Min Filter)

dilation (1)

¢ (Max Filter)

- =

C.

subtract

Figure 2.27: Example of Top Hat transformed image with a circle-shaped structuring element
(not to scale) A. Original image B. is eroded with Min Filter C. which next undergoes dialtion (with
a Max Filter) to yield a “grayscale opening”. D. By subtracting (A.-C.) a Top Hat transformed
image is obtained.Scale bar: 100 um

are expanded back in the dilation operation. Here, the inspected pixel gets assigned
the value among all pixels forming the neighbourhood of the origin of the structure
element.
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2.9 Image segmentation: how to make the com-
puter see what our eyes see?

To facilitate the analysis and extraction of meaningful information from digital im-
ages, pixels forming these images can be partitioned into regions or objects based
on some decided rules. This operation is referred to as image segmentation. In this

thesis, an open source segmentation toolkit created in Heidelberg, Ilastik, has been
used [128].

Pixel 4+ Object Classifiction Workflow
Step 1: Pixel classification

Pixels are labelled based on:

- characteristics they display in terms of some particular features such as Color/In-
tensity, Edge, Texture which should be selected such that they allow for the desired
discernment of pixels

- annotations provided by the user ( a Random Forest classifier '* is interactively
trained by the user). For each class a probability map is generated and can be
converted into individual objects.

14

Step 2: Object classification

Probability maps obtained in Step 1 are threshold and pixels belonging to the same
group (instance) connected to form separate regions (objects).

In this work, Ilastik Workflow (Pixel + Object Classifiction) was used to segment a
nuclei structural data from light-sheet microscopy data. This is of particular interest
when performing cell-type characterization of cells that build an organoid (based for
example on their morphology as reported by fluoresecent markers).

Random forest is a classification algorithm, which as the name suggests, allows for assignment
of observations into defined groups (classes). It consists of multiple decision trees which behave as
an ensemble. The data is sub-sampled and the class of each sample is predicted by a single decision
trees. All predictions are collected and the class which was predicted the most times becomes the
model’s prediction for the dataset.
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Chapter 3

Experimental Results

“Whatever it is you're seeking
won’t come in the form you're
expecting.”

— Haruki Murakami

This chapter is dedicated to the presentation of the experimental results obtained
in the frame of this doctoral thesis. Results are divided into three sections. The
first focuses on the characterization of the homebuilt light-sheet setup it terms of
the design principles, achieved spatial resolution, beam control, laser lines and mag-
nification of the used objectives. Next section is dedicated to the preparation and
structural characterization of a sample that can be used to validate the system.
Finally, functional imaging of the generated sample is performed and the obtained
data analysed using the CalmAn-based pipeline described in the previous chapter.

3.1 Design goals of the setup

The advantage and at the same time, reason for home-built systems is that their
design can be adjusted to the sample that is to be investigated. The requirements
that the setup has to satisfy are:

e posses spatio-temporal resolution allowing to register neuronal signals prop-
agating at millisecond timescales at a single cell level

e provide a readout in 3D with the use of calcium reporters commonly used
in the field of neuroscience

e provide physiological conditions to the biological sample during functional
measurements

e be characterized by a minimal complexity

. J

The prototype of the microscope has been built before work within this thesis
started. However, the set up has not yet been characterized in terms of spatial
resolution. In addition, the initial set scanning mode did not allow for high-speed
volumetric data acquisition (milliseconds). Finally, the mounting of the sample
for imaging was not yet optimized. In the upcoming sections, I will address the
implementation of advances to the prototype.
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3.1.1 General concept

Functional volumetric imaging of a sample will be achieved using the scanning
scheme no. 2 presented in 2.6.3, that is by precise high-speed movement of specimen
with a piezostage along the axis perpendicular to a static Gaussian beam.

3.1.2 Beam geometry

The description of a Gaussian beam in section 2.6.1 assumed z as the direction
of light propagation. However, for reasons that will be explained, the coordinate
system will have to be rotated for further discussion as follows,

T =y
Yy —z (3.1)
z—=x

The new direction of light propagation is therefore x. The reason for this choice
of coordinates system stems from the design of the built setup. The system uses
a Gaussian Beam to optically section the sample by collecting light emitted from
single excited planes at a right angle with respect to the excitation. This is achieved
by step-wise moving the sample along the axis perpenticular to the propgation of
light-sheet with the use of a piezostage. It is natural to consider the zy axes as the
lateral directions in the acquired 2D images and z as the axial direction along which
the sample is moved. That means that the waist of the light-sheet will be defined
as w(z) and not w(z) and same goes for the Rayleigh length which will turn to zg
from zp (Figure 3.1).

y .
y4 >
2x
QR W), I\/ZWO

h =2w
zZ FOV 0y

y 2w(x) . |

W = 2x
R

FOV

Figure 3.1: Geometry of the used Gaussian light-sheet. A. Beam orientation in the coordi-
nate system with its thickness marked in turquoise B. which can described in as a function of w(x),
with resulting beam parameters wy (waist) and zr (Rayleigh length). C. The beam, represented
as the grey rectangle, with the height (hpoy = 2wy ), total thickness (2 w(z) = 2 wp) and width
(Wrov = 22R).
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3.1.3 Choice of the light-sheet dimensions

Light-sheet characteristics need to be tuned so that relevant information about the
specimen can be obtained. In the setup presented here, the goal was to create
a system for neuronal structures imaging. That means, the light-sheet waist and
Rayleigh length need to be such that:

e optical sectioning is below the size of an average neuron (average neuron soma is
about 11 pm [66] )

e the Rayleigh length is sufficient to capture multiple neurons in a single plane (mul-
tiples of a neuron soma).

The choice of the optics element used for shaping the beam has to allow for the
fulfilment of these two requirements.

3.1.3.1 Field of view (FOV) consideration

The lateral field of view achievable with the use of a 20x objective and a camera
(ORCA-Flash4.0 V3 Digital CMOS) with a pixel array of 2048 x 2048 and a pixel
size of 6.5 pm is:

6.5
FOV = 50 (2048 x 2048) = 665.5 x 665.5 [m?] (3.2)

To reliably sample neuron cells, with an assumed diameter of ~ 11 pm [66], the
setup needs to offer sectioning capability of around 5 pm.

According to 2.20, a light-sheet offering approximately such waist could be obtained
assuming A = 0.5 yum and an illumination aperture of about NA;; = 0.09 (Figure
3.2).The resulting waist is wg = 3.5um and the Rayleigh length reaches > 50 um
when the waist increases to v/2wg ~ 5um. The optical section within 2xr = 51lum
(hrov) covers ~ 5 neurons in width and is < 5um thin.

3.1.4 Beam path

To expand the colour palette of fluorescent dyes that could be imaged in a future
sample, the setup was equipped with three laser lines : 488 nm, 561 nm, 643 nm.
Each laser was coupled into an optical fibre which has a diameter large enough to
enable propagation of more than one light-mode. The output intensity of the lasers
is controlled with a crystal-based device, a Polychromatic Acousto-Optic Modula-
tor (PCAOM). To provide physiological conditions (temperature and C'O,) during
live imaging experiments, an incubation chamber made out of Plexi glass has been
designed and realized by Nicoleta Dahnovici in the frame of her Bachelor Thesis
(Figure 3.3 A).

The light-sheet module can be assembled using a cage system (Thorlabs) and
integrated in a standard inverted microscope where it replaces the microscope’s
condenser and fluorescence filter (Figure 3.3 A and B).

3.1.5 Laser beams alignment and characterization

For a better control over the coupling efficiency of the laser beam to the optic fibre,
a pair of mirrors is integrated into the setup. Their role can be better illustrated by
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Figure 3.2: Field of view vs. light-sheet dimensions. Sample (grey circle) in the camera
field of view (for a 20x objective), illuminated by the light-sheet beam (green rectangle). For the
calculation illumination wavelength was assumed A = 0.5, NA;; = 0.09 and a neuron cell of an
average diameter of 11 pm [66].

drawing the components from Figure 3.3 D in a straight line while maintaining the
distances between them (Figure 3.4). For simplicity, only x-axis will be considered
but the same is true for the y-axis. The closer mirror M1 serves as the position
mirror of the setup and M2 as the angle mirror. Correction of the misalignment
of the beam along PCAOM is done with M1 as it displaces the beam from the
desired position at a larger distance than M2 for the same angle o (X1>X2). The
offset of the beam along the optical coupler can be reduced with M2 as it can
displace the beam from the optical coupler more than from the PCAOM (X2'>X2).
By iteratively adjusting the knobs on both mirrors in a consistent and systematic
manner, the beam is optimally reflected and translated throught the PCAOM and
optic coupler. This aligning procedure is called "walking the beam”.

The best indication of the beam optimal coupling to the fiber is the readout of
maximum power at the exit of the fibre. Quantification of power is done with the
use of a power meter (PM100A, Thorlabs). For the measurements, the light-sheet
module is unmounted and instead the power sensor is fixed (Figure 3.5 A).
Walking the beam procedure is performed for each individual laser line until no
higher power values can be obtained. Maximum power outputs are presented in
Figure 3.5 C.

3.1.6 Beam shaping

As mentioned before, the setup’s illumination aperture defines the light-sheet beam
thickness and its divergence. The higher the illumination aperture, the thinner the
achievable thickness of the light-sheet, however the faster the beam’s divergence and
therefore the smaller the usable FOV. To allow for optimal sectioning of the cellular
structures and maximally use the field of view our detection objectives could grant
(333 x 333 um? (40x/0.8 W) and 665 x 665 um? (20x/0.5 W) a light-sheet of a few
microns was designed.
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Figure 3.3: Setup architecture A. The body of the system consists of a standard inverted
microscope with B. a light-sheet module integrated in the place of the condenser and fluorescence
filter and C. a laser combiner box. D. The optical beam path of the three fibre-coupled laser.
For display purposes only the beams are drawn parallel to each other when passing through the
Polychromatic Acousto-Optic Modulator (PCAOM) and optical coupler
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Figure 3.4: Beam alignment using the “walking the beam” method illustrated by drawing optics
elements in a line while preserving the original distances (d0, d1, d2, d3). To eliminate offset
through the PCAOM and the optic coupler, the beam is reflected and translated in the optical
path using M1 and M2 that serve as position and angle mirrors respectively.
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Figure 3.5: Maximum Output Power Determination A. Power meter sensor head has been
mounted in the place of the light-sheet module. B. Calibration curve for the 488 nm laser C.
Maximum output powers for all three laser lines.

A Light-sheet was created with the use of a cylindrical lens in conjunction with an
aspherical lens (Figure 3.7). Upon exiting the optic fibre, the beam is collimated
with a kinematic collimator mounting adaptor (with a focal length f;), "flattened”
by a cylindrical lens (f3) and focused by an aspherical lens in the medium where the
sample is located. The light-sheet is created f3 away from the lens which is larger
for media with higher refractive index (ngir < Nuwater)-

collimation light-sheet formation
f1=7.86 mm fo =8 mm fair = 4.5 mm
y A
R1 \ R1 / R2
A [ ] NA._ =0.09
7 ill
R1 Y R1 R1
|

_— N focusing in z direction by
beam shaped into a sheet by a cylindircal lens the aspherical lens

Figure 3.6: Illumination aperture consideration The two axes of the light-sheet are shown
along which the beam is ultimately focused (z) and collimated (y) in the sample. Upon exiting
the optic fibre, the beam is collimated with a kinematic collimator mounting adaptor with an focal
length f; (at this point beam diameter is equal to R; ). Next, it reaches a cylindrical lens where it
gets "flattened” at fo. Finally, it is focused by an aspherical lens (beam radius Ry) in the medium
were the sample is located. Because ngir < Nyater the focal length of the lens (4.5 mm) is elongated
and yields and illumination aperture of 0.09.

To calculate the illumination aperture, the radius R; and back focal length of the
aspherical lens in water (fyaser) need to be known. The numerical aperture at the
exit of the fibre is equal to N A = 0.11. Therefore, the radius of the beam hitting
the collimating lens is N Ay x Ry = 0.865 mm ~ 0.9 mm .
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As a next step, the lens maker’s equation is used

1 1 1
- (nlens - nwater)(ﬁl - E

(3.3)

fwater

From the lens specification data sheet (Amstechnologies) the radii of the lens are
Ry = 2.63 and Ry = o0, refractive index of the lens ng,s = 1.59 (D-ZK3 Glass) and
therefore fyater = 10mm.

One can notice that when plugging n.;, in the place of nqter, the focal length that
is obtained is equal to 4.45 mm which is close to the focal length stated in the
specification sheet of the lens for air (4.5 mm).

The half opening angle of the illumination in water can be therefore calculated as

0.865

« = arctan 757 which then yields, after being plugged into:

NA =sina (3.4)

a numerical aperture of NA =~ 0.09. Note, here o was obtained for the water medium
with nyazer. Therefore equation 3.4 is modified with respect to the standard form
NA =nsina.

Using equation 2.21 the theoretical waist for the three laser lines can be calculated.
The values are presented in Figure 3.10 D.
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Figure 3.7: Design and realisation of a light-sheet module A. The light-sheet module was
implemented as an add-on to a standard inverted microscope where it replaces the microscope’s
condenser. Fast volumetric imaging of the specimen is achieved by a stepwise axial movement of
the sample along the optical axis using a custom ordered piezo-stage B. Upon exiting the fibre,
the beam is split on a beam splitter and is further folded by a mirror and right-angle prisms. C.
Zoom in: a static planar light-sheet is created by combining a horizontally oriented cylindrical lens
(green) and an aspherical lens(cyan). The light-sheet propagates in the sample along the x-axis
of the assumed coordinate system as a Gaussian beam. D. characterised by a waist of 2w and a
Rayleigh length equal to 2xR.
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3.1.6.1 Determination of the objectives’ magnification

Objectives’ magnification has been characterized by imaging calibration slides (Fig-
ure 3.8 A and C). Intensity profiles for multiple ticks were extracted in Fiji (line
tool) and multiple peak functions were fitted to localize the maxima positions and
average the distances between them, which could be compared with the expected
distance. As can be seen in table in Figure 3.8 B and D, the discrepancies lie below
0.5%.
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Figure 3.8: Objectives’ magnification Bright field images of a glass ruler using A. 20x/0.5 W
Olympus and C. 40x/0.8 W Olympus. Corresponding intensity profiles extracted from bright field
images acquired with B. 20x and D. 40x.

3.1.6.2 Light-sheet beam characterization

To characterise the light-sheet beam parameters as well as its evolution in the FOV
an alignment tool has been fabricated. It consisted of a 45° tilted mirror glued into
a non-reflective custom-cute plate (Figure 3.9).

The illumination profiles of the light-sheet across the entire FOV was mapped using
the tool that was moved along the optical axis with the piezostage and at each z-
step deflected the light-sheet directly into the detection lens. Obtained illumination
profiles were Gaussian fitted with a custom-written python script (Supplement 6.1)
to extract the beam’s thickness (Figure 3.10). The evolution of the beam is traced by
plotting the 20, as a function of axial position and fitting the data with a hyperbolic
relation to extract the waist (wg) and Rayleigh length (zy) for three laser lines.

Thickness of the three light-sheets are higher for a factor of ~ 1.3-1.5 than the
expected values calculated for each laser line using equations 2.21 and 2.22 (Figure
3.10 D.). As for the Rayleigh lengths, obtained values are about a factor of =
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Figure 3.9: Light-sheet alignement tool A. mirror is glued into a B. custom-cut plate to
produce a C. tool which could then be fixed to a glass-bottom Petri dish and used to directly
reflect the light-sheet into the detection objective at different positions in the FOV.
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A [nm] 2 A (wm) 2 xR(um) 2 wO(Mm) 2 xR(um)
488 52+0.1 65+1 3.5 44
561 5.8+0.1 73+1 4.0 59
643 6.1+0.1 81+1 4.6 77

Figure 3.10: Light-sheet beam characterization A. Schematic representation of the light-sheet
focusing in the FOV by the aspheric lens along with light-sheet parameters obtained by mapping
the beam across the FOV with the use of the alignment tool (lower A.) B. Light-sheet profile
acquired in the middle of the FOV with a Gaussian fit along the y-axis to determine its height
2wy . C. Evolution Rayleigh length in the FOV given by 2w, (z). Data was fitted with 2.20 (black
lines). Obtained fit parameters along with theoretical values calculated using 2.21 and 2.22 are
presented in D. Overall, the light intensity distribution within the light-sheet is well-described
by a Gaussian beam. Discrepancies between experimentally measured and theoretically predicted
values arise probably from aberrations present in the physical setup. Scale bar: 25 pm (B.)
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1.1-1.5 higher than the theoretical values. Generated light-sheet beams are close
to being diffraction limited and their propagation can be described using Gaussian
beam theory. The discrepancy in experimental values is most probably the result of
spherical aberration being present in the setup.

3.1.6.3 Characterization of the setup’s PSF

To characterize the 3D resolution of the setup, its point spread function (discussed
in section 2.6.2) was measured by imaging agarose gel embedded beads (orange
540/560 nm beads, PS-Speck™) (Figure 3.11 A.)
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Figure 3.11: Characterisation of the setup’s resolution A. Sub-diffraction sized fluoresencent
beads (@ = 170nm, orange 540/560 nm beads, PS-Speck™) are embedded in 1% agarose gel (in
ddH,0) and imaged 250 pm deep into the sample with the use of a 20x and 40x objective (20x/0.5
W Olympus, 40x/0.8 W Olympus) with a z-step of 1 pum. Information on single beads can be
retrieved from images created on a CMOS camera chip (dashed region). B. Exemplary lateral and
axial intensity profiles along each of the two the perpendicular axes in three central planes (xy, xz,
yz) for single beads acquired with 40x and C. 20x objective. D. Axial resolution defined given by
o of the profiles obtained from the beads as a function of z-depth. The dashed line corresponds to
the mean value of o. (Scale bar: 10 ym (A), 1 pm (B and C))

Procedure
For each bead, 4 lateral and 2 axial intensity profiles along each of the two per-
pendicular axis in three central planes (xy, xz, yz) were measured, normalized and
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Table 3.1: Mean values of ¢ for multiple beads along with standard deviation for 561 nm laser.

Obj | o, (pm) | oy (pm) | o, (um)
20x [ 0.8+0.2 ] 1.0£0.2| 1.7£ 0.2
40x | 0.5 +£0.1 ] 04£0.1 | 1.1£ 0.3

Table 3.2: Theoretical values of ¢ calculated using equations 2.25 and 2.26. Values of A and «
assumed for calculations: 488 nm: A;;; = 0.488, A\ge; = 0.507, 561 nm: A;;; = 0.561, Age; = 0.58,
643 nm: A = 0.643, Ager = 0.662, cvger = 0.39 rad (20x), 0.65 rad (40x).

Obj 0488nm (,um) O561nm (,um) 0643nm (,um)
20x 04y 0.6 0.7 0.8

20 o, 1.7 2.0 2.3
40x 04y 0.4 0.4 0.5
40x o, 1.3 1.5 1.7

fitted with a Gaussian.The o was then taken as the resolution. Representative pro-
files along the x, y and z axis for both objectives are depicted on (Figure 3.11 B.
and C.) Finally, axial resolution for various depth in the FOV has been has been
plotted and reads 1.5 £ 0.3 um for 40x objective and 1.6 + 0.3 um for 20x objec-
tive (Figure 3.11 D.). Individual bead profiles were Gaussian fitted. The resulting
fit error (107° — 10~*yum, Supplement Figure 6.1) was negligible compared to the
systematic error present in the measurements and was therefore not taken into ac-
count for further calculations. Mean o values obtained from these profiles and the
resulting standard deviations are listed in Table 3.1.

Since beads were imaged with the 561 nm laser, best comparison between predicted
and experimentally measured resolution values can be made by comparing values
obtained for this wavelenghts. They are blue (20x objective ) and red (40x objective)
coloured in Table 3.2 and correspondingly in Table 3.1 (here resolution along x
and y axes are separated).

Sigma values obtained in Table 3.1 were used to simulate XY ,Z Gaussian profiles
with zero mean and the error taken as the standard deviation from corresponding
Table 3.1 (Supplement Figure 6.2).

Since values obtained experimentally fall within one or two o away from the theo-
retically predicted values, a good control over the setup is proven.

3.1.7 Volumetric scanning using a piezo stage

Volumetric scanning is realized with the use of a piezo stage, the control over which
takes place via a Step-Direction Control System (SDC2) that comes with the prod-
uct. SDC2 is integrated into the electronic architecture of the setup to receive step
and direction as inputs. Each z-step is then accomplished using a closed-loop control
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system. !

3.1.7.1 Bidirectional scanning mode

Higher sampling rates can be achieved by implementing a bidirectional image ac-
quisition scheme. Images are acquired as the stage moves both up and down and
sets of forward and reverse volumetric stacks are collected. That way, the dead time
caused by the stage flyback to its starting position is eliminated. This mode has
been implemented in the setup and allowed to increase achievable scanning speeds.
It must be noted, that in this scanning scheme all planes are sampled at a different
rate, with only the central plane being scanned at the overall scanning rate. This
issue has not been addressed in this thesis however, in the literature, examples of how
to at least partially mitigate this problem can be found. Greer and Holy interpolated
consecutive pairs of stacks in time, which resulted in stacks with a constant virtual
sampling time [43].

3.1.8 Hardware control of the microscope

The setup was controlled with MicroManager 2.0 Gamma 2 application. To attain
high acquisition speeds, the camera was set to streaming mode and made into the
setup’s master, meaning that, its clock was driving the entire system’s synchroniza-
tion (Figure 3.12).

PC
frame number stack
R 5 data
laser intensity parameters
hardware TTL
Camera - Arduino 1 Arduino 2
trigger
TTL | & analog TTL direction
step
iezo
laser p
controller controller
(SDC2)

Figure 3.12: Control of the light sheet. The camera and controller of the PCAOM (Arduino
1) are loaded in the hardware configuration of MicroManager and can be controlled from the
graphic user interface (PC). Arduino 2 is controlled using the serial Monitor (PC) and provides
step commands and direction to the controller of the piezo-positioner (SDC2)

To start Multi-dimensional acquisition (MDA), parameters such as number of frames,
exposure time and laser power intensity have to be set in the tab of MicroManager.
The direction and number of z-planes are defined in the Serial Monitor of Arduino

!Two types of control systems can be distinguished. In an open-loop system (feedforward con-
trol), no information about the output signal is “fed back” to the system to establish if the output
has reached the process “set point”. The action of the controller is independent of the “process
output”. In a closed loop system (feedback control), some portion of the output signal is returned
'back’ to the input and is part of the system excitation.

2 MicroManager 2.0 Gamma
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2. MicroManager translates all parameters into a sequence of states for each device.
The control over the setup is then handed to the Camera. The setup’s master pulls
all other devices through their sequence of states by hardware-triggering them i.e.
issuing transistor-transistor logic (TTL) signals at each exposure. Exposure time is
set to 10 ms per frame, z-step (3 pum) takes about 150 us, assuming a positioner
speed of 20 mm/s.

3.2 Quest to grow a fluorescent sample

Now that the setup has been confirmed to have a spatio-temporal resolution allowing
to image activity of individual neurons, a real sample is needed to validate the setup’s
capabilities.

3.2.1 Easily accessible in vitro generated neural network

Generation of 3D structures mimicking part of the CNS - cerebral organoids - from
induced pluripotent cell or stem cells has granted access to nervous tissue that has
so far been rather limited [3, 129]. If one decides for the creation of a mouse sample
as opposed to a human one, time needed for growth can be up to 10-fold reduced.
For that reason, the choice was made to follow published protocols [72, 73] for the
culture of mouse retinal organoid (retina is considered part CNS) which is 24 days
long.

3.2.2 Growth of 3D neuron cultures

First, a mouse embryonic cell line (mESC) 3was obtained. The cells express two
fluorescent proteins - a Histone-GFP fusion protein (green fluorescent localized in
the nucleus) and a red-fluorescence calcium sensor R-GECO1. The absorption and
fluorescence properties of these two biomolecules are presented in Figure 3.13.

3.2.2.1 step 1: pluripotency check-up

For the cells to be able to assume neuronal differentiation path, they need to start
of as pluripotent cells. The presence of four commonly used mouse embryonic stem
cell pluripotent markers: Oct4, Sox2, SSEA1, Nanog (Figure 3.13) [130, 131, 132,
133, 134].

3.2.2.2 step 2: induction of cell differentiation

The control over self-organizing systems such as organoids is very difficult as they
are sensitive to changes in the initial conditions, such as medium composition, cell
number and passage number, coating of the plates used for the culture. In addition
intrinsic cell line properties influence its ability to self-organize. Upon many trials
and some modifications in the initial protocols, a sample was created, however its
growth was limited to 2 weeks not 24 days as reported in the literature (for a possible
explanation see 3.2.3).

3kind gift from Bendzhov lab MPI for Molecular Biomedicine, Miinster, Germany
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Figure 3.13: Characterization of mESC R-GECOH2B. A. Cells are cultured in gelatine
coated flask and grow in compact semi-spherical colonies. B. They have been genetically modified
to produce a histone H2B-GFP fusion protein and a red fluorescence Ca?* sensor R-GECO1. Their
absorption and emission spectra are displayed (data from: FPbase). C.Pluripotent status of the
cells has been confirmed by immunostaining for markers (Nanog, Oct4, SSEA1, SOX2). This
means mESC R-GECOH2B are capable of developing into neuronal cells.

In short the established protocol involved:

e formation of initial spheroids (embryoid bodies) via the aggregation of a pre-
defined initial number of mESCs cells in ultra-low attachment U-bottom well plates?.

e triggering of neural differentiation for 7 days via the addition of Matrigel and
differentiation medium under physiological conditions (5% COs, 37°C)

e at day 7, U-bottom wells are filled-up with appropriate medium and the sam-
ple is transfered to 40% O,, 5% CO4 and 37°C conditions to optimize differentiation
into specific neuron subtypes [73].

e at day 10, di- or tri-sectioning under a stereomicroscope (Nikon, Stereoscope) is
performed, the medium is changed and the sample is transferred back into 40% O,
5% CO4 and 37°C conditions

e by day 15 the culture is stopped
One of the key differences between published protocols and the one used here, was

that the sample was kept longer in U-bottom wells (until day 10). An observation
was made that the sample’s compactness degrades after medium change and transfer

4U-bottom refers to the round shape assumed by the well - such geometry imposes cell aggrega-
tion upon sedimentation. The number of wells in such plates - 96 - grants high culture throughput.
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into flat bottom wells to new conditions (40% O, 5% CO, and 37°C) that takes
place on day 7 according to the protocol. From that, it was concluded the stress
the that the sample experiences upon transfer is having a negative impact on its
development. Therefore, the decision was made to simply fill-up the U-bottom wells
in with fresh medium and not change plates until day 10.

3.2.3 Mycoplasma contamination

Only after the experiments were performed mycoplasma contamination was detected
in the received batches of cells.

3.2.3.1 What are Mycoplasma?

Mycoplasma are small procaryotic organisms with a minimalistic organelles compo-
sition, which is mainly accounted by the cell membrane, ribosomes and a circular
double stranded DNA. Since they do not posses a cell wall they show high resistance
to f-lactam antibiotics (e.g., penicillin). Mycoplasma contamination in cell cultures
affects general cell homeostasis. It can among others alter cellular metabolism, sig-
nalling and differentiation. In addition, it can induce chromosomal aberrations and
change cell membrane composition (surface antigen and receptor expression)[135].
It is important to mention that the problem of mycoplasma is difficult to tackle and
wide-spread as 15 to 35% of cell lines in cell banks both in USA and in Europe are
estimated to be affected [136].

3.2.3.2 Did mycoplasma presence affect the culture?

It is possible that the presence of mycoplasma in a 2D monolayer goes undetected
as it might not affect the proliferation and behaviour of cells in a culture with a
reduced dimensionality. However, the complexity of the development of a 3D tissue
exposed the compromised metabolism of cells and impact on other aspects of their
physiology. Therefore, the culture could not develop long-term. Similar findings
have been reported by Desrochers et al. [137] where they observed effects upon the
number, size and structure of in vitro generated 3D kindey cysts, where no such
effects manifested for 2D culture.

3.2.3.3 How to detect mycoplasma contamination?

One of the means of testing cultures for mycoplasma contamination is to measure
the presence of mycoplasma-specific enzymes in culture medium with the use of
commercially avaiable kits. The test used in this thesis (MycoAlert Assay) exploits
enzymes catalyzing the conversion of adenosine diphosphate (ADP) into adenosine
triphosphate (ATP) (acetate kinase or carbamate kinase cite patent by Pitt et al.,
EPO, 2012).

The tested sample is examined before (Reading A) and after (Reading B) the addi-
tion of Mycoalert substrate. ATP levels in mycoplasma positive samples will increase
which will be reported by a bioluminescent reaction with the use of a luminometer.
In mycoplasma negative samples reads before and after addition of the substrate
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will not be affected. The ratio of the two reads yields information whether the cul-
ture is mycoplasma positive or negative. It is accepted that B/A Ratio > 1.2 is
indicative of a contaminated sample, for B/A Ratio < 1 the sample is mycoplasma
negative and B/A Ratio 1 — 1.2 is boreline and re-testing the cell line after 48 h is
recomended.

The earliest passage available (#8) and a later passage (#9 and #10) were tested.

Table 3.3: MycoAlert assay performed on the cell line mESC gecoR H2B

passage A B B/A
positive ctrl | 18.298 | 68.184 | 3.7
negative ctrl | 25.702 | 10.314 | 0.4

#8 14.704 | 48.839 | 3.3
#9 10.599 | 40.384 | 3.8
#10 158.416 | 14.023 | 11.3

2+ +Luciferase

ATP + Luciferin + O, Me

Oxyluceferin + AMP + PPi+ COy +hr (3.5)

where Luciferase is an enzyme that produces light (hv) when it oxidises its substrate,
Luciferin into Ozyluciferin in the presence of magnesium ions (Mg*"), AMP is
adenosine monophosphate, PP is pyrophosphate, O, and C'O, are molecular oxygen
and carbon dioxide respectively.

All three samples display extremely high B/A ratios, in fact, 2 out of 3 are higher
than the positive control. The result clearly indicates that the culture was contam-
inated with mycoplasma before it arrived to our lab.

Importantly, this explains difficulties that were faced to keep their 3D culture longer
than 10 days.

3.2.4 Recipe for 3D neural organoids

Below, readers interested in the creation of the sample used in this thesis will find
a detailed protocol with media compositions and other instructions. The growth of
the sample in analogy to the one presented in the background section (Figure 2.7)
can be seen on Figure 3.17.

Embryonic stem cell culture (ES)

Mouse embryonic stem cell line (kind gift from Yung Su Justin Kim from Dr. Ivan
Bedzhov, MPI Miinster) were maintained under 5% CO4 and 37°C conditions on 10%
gelatine-coated (Sigma, G1393) T25 flasks in DMEM high glucose medium (Sigma
D5671) containing 15% FBS (Sigma S0615), 100 U/ml Penicillin-Streptomycin, 2
mM L-Glutamine, 1 mM sodium pyruvate (Sigma, S8636), 0.1 mM NEAA (Sigma,
M7145), 0.1 mM 2-mercaptoethanol (Sigma, M3148). Maintenance medium was
freshly supplemented with 0.44 nM mLif (Amsbio, AMS-263) 0.4 uM PD 0325901
and 3 M CHIR 99021 inhibitors (Cayman Chemicals). Seeding cell number was
set to 4.2 x 10° cells (for 2 day interval passaging) or 1.5 x 10° (for 3 day interval
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passaging).

Induction of neural differentiation of ES cells Protocol to generate retina
organoids adapted from [72, 73]. mES cells were dissociated in 0.25% EDTA trypsin
(Gibco, 25200056), centrifuged (5 min, 1000 rpm) and resuspended in differentia-
tion medium to achieve cell count 3 x 10* ml. To form embryoid bodies, cells were
allowed to reaggregate in U-bottom 96 well plates (3 x 103 cells per well) (Nunc).
Differentiation medium was G-MEM-based (Gibco, 21710-025) supplemented with
1 mM sodium pyruvate, 0.1 mM NEAA, 0.1 M 2-mercaptoethanol and 1.5% Knock-
out Serum Replacement (Gibco, 10828-028). The culture was kept under 5% CO,
and 37°C conditions for 7 days and afterwards each well was filled with additional
200 pl of maturation medium I and transferred to 40% O,, 5% COy and 37°C
conditions. Maturation medium I was DMEM/F12 supplemented with 100 U/ml
Penicillin-Streptomycin and 1% N-2 Supplement (Gibco, 17502048). On day 10,
spheroids were di- or tri-sectioned under a stereomicroscope (Nikon, Stereoscope),
transferred to low adhesion 24-well plates filled with maturation medium II and
placed back into 40% O,, 5% CO, and 37°C conditions. Maturation medium II was
DMEM/F12 freshly supplemented with 100U Pen/Strep, 1% N2-suplement, 0.5 M
retinoic acid (ec23®, SRP002), 1 mM taurine. By day 15, the culture was stopped.

3.2.5 Neuronal activity reported by Ca%*

In this work, a cell line modified to endogenously (on its own) produce indicator
molecules (R-GECOL1) has been used. Thus, in this strategy the sensor did not have
to be delivered. What has to be stressed is that the response function of the sensor

A. B.
~2ms ~2s
50
>
E 0 =
2 =
> 55 b X <

70 SN

0123456
Time (ms) Time (s)

Figure 3.14: Response to an action potential A. Membrane potential as a funtion of time
during an AP occurs within milliseconds whereas B. Response of the calcium sensor measured as
a change in fluoresnece signal over time changes over a timescale of second. Data of R-GECO1
response reproduced from [138].

as a reaction to the memebrane depolarization due to an AP is a factor of 1000
slower (Figure 3.14). That means the width of the observed calcium spikes will be
much broader than the width of an actual AP spike.

3.2.6 Reproducible sample mounting for light-sheet imaging

The light-sheet beam exits the aspherical lens at the height of 2.5 mm with respect
to the bottom of the Petri dish (Figure 3.15 A). Because of that, for the beam to
reach the sample to be imaged is has to be mounted at least at this height. The
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procedure involves few easy steps and and yields reproducible, simple to manipulate
and use imaging chambers:

e The two plates are first joined together and placed on a clean surface.

e Warm liquid 2% agarose (2% high gelling temperature in ddH20) is pipetted be-
tween them.

e The well-template is then placed on top of the plates and the assembled mold
maker is moved to 4°C.

e Once agarose solidifies, the well-template is carefully lifted and the plates sequen-
tially removed.

e As a result, a transparent block of agarose with a hollow well is obtained. Thin
transparent wells can be cut out and used as single-use imaging chambers.

e Such chamber is then fixed to a glass-bottom Petri Dish between two parafilm
stripes with the use of warm liquid agarose.

e As a last step, an organoid is transferred with a tip-cut P200 pipette to the well
and the dish is filled with a medium of choice. For that purpose, a simple mold
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Figure 3.15: Sample mounting consideration A. The beam is focused by the aspherical lens
in the FOV at a minimal height of 2.5 mm. B. Schematic drawing of a molder maker that would
allow for the generation of thin, hollow agarose wells that could host samples.

maker was designed (Figure 3.15 B). The mold maker consists of two twin plates
and a well-template. The design was translated into an Autodesk Inventor drawing
which could be printed (Figure 3.16).

A.

Figure 3.16: Design and realization of imaging chamber A. Design of the mold maker in
Autodesk Inventor B. 3D printed elements C. Example of the imaging chamber that is used during
the experiments.
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3.2.7 Sample development monitored using Light-sheet Mi-
Croscopy

Even though organoids could not be maintained until day 24 as in the original
protocols [72, 73] organized structures were grown that could be further used in
studies of early functionality emergence (Figure 3.17).

Figure 3.17: Organoids Development Structure emergences in organoids during their growth.
During the first 4 days (D1-D4) cells in the inital agregate self-organize which manifests itself by
the appearance of the characteristic disk-like structure (D4). Thanks to the H2B-GFP (cyan) we
can monitor structural changes by imaging radial and layered organization of the nuclei in the
growing organoids. Between D5-D16 a change in size of about a factor of 2 occurs. Images from
D1-D4 were aquired with widefield microscopy in the cell culture and images from D5-D16 were
acquired with our light-sheet setup. D5-D16 Images were filtered with a Unsharp Filter (radius =
4 or 6 pixels and weight mask = 0.6). Scale bar: 50 pm.

3.2.8 Architecture of the sample

Whole-tissue staining might not result in a clear readout since penetration of anti-
bodies across multiple cellular layers is limited. Fortunately, the cellular composition
of organoids can be determined by performing immunostaing on frozen sections of
the tissue (cryo-sections).
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3.2.8.1 Neural identity of the tissue

To confirm successful differention into neurons, D 12 organoids were cryosectioned
and stained for neural progenitor markers (Figure 3.18). Each section was stained
for one marker in the far red channel (alexa 647) as the green and red channel
were not available. Three markers were selected : nestin, SOX2 and Pax6 5. The
presence of nestin and SOX2 was confirmed. Specific secondary antibodies bound
towards the cellular membrane and nucleus respectively/ This did not occur in the
control sample. On the other hand, Pax6 staining was not successful as secondary
antibody displayed in case of the sample and the control an ubiquitous non-specific
binding. (Images are maximum intensity projections (MIP) of double channel z-
stacks acquired with Zeiss LSM 980.

- —_¢—1ock for the holder
-« sample holder

H2B
H2B
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NESTIN H2B O
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CTRL NESTIN
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CTRL PAX6

Figure 3.18: Cryosectioning of neural organods A. Frozen gelatine blocks embedding
organoids B. Mounting of a block in a holder C. Stainings of sections, upper row is the sam-
ple and lower row is the control. Scale bar: 50 pm.

®Nestin is an intermediate filament protein, produced in the cytoplasm of stem and progen-
itor cells [139, 140], and SOX-2 [141] and Pax-6 [142] are both transcription factors that show
localization to the nucleoplasm.
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3.2.9 Sample intensity as a function of input laser power

Due to the camera bandwidth limitation, the fastest frame rate achievable in the
current setup’s configuration is 100 fps. To increase volumetric scanning rate a
frame exposure of 10 ms has been set. To excite the most photons from the sample
the power of 561 nm laser was set to 100 %. The output intensity signal from the
sample as a function of input power was measured (Figure 3.19). Intensity signal
was dark current-corrected, by evaluating the signal without laser excitation at 10
ms. The signal is about 1.6210% arbitrary units (Supplement Figure 6.3)
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Figure 3.19: Output signal as a function of laser input power A. Mapping of input laser
power set in the computer interface in percent and the resulting output power in mW at the exit
of the fibre as measured by a power meter (Thorlabs). B. Single planes (4x4 binning, 20x/ 0.5 W,
Olympus) from samples acquired at different laser powers for a 10 ms exposure time. C. Mean
Image Intensity value corrected for dark current of the camera as function of power as measured
by the power meter in A. for a 10 ms exposure time. For display purpose, Unsharp Filter has been
applied on the images (radius = 6 pixels, mask weight = 0.6) (Scale Bar: 100 pm (B.))

The non-linear behaviour between the input and output visible in Figure 3.19 A.
is a result of non-perfect digital to analog signal conversion and not fluorophore
saturation what is proven when image mean intensity is plotted versus actual laser
power not the percent laser power.

3.3 Functional imaging

Adding complexity to a system is a way to gradually deepen its understanding.
Therefore, neuronal activity of the sample as reported by calcium indicator R-
GECOL1 is first explored in 2D with the use of confocal microscopy (Figure 3.20)
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and next in 3D, with the light-sheet setup.

3.3.1 Confocal microscopy: 2D functional imaging

In terms of kinetics, R-GECO1 displays a 0.09 £+ 0.02 s time-to-half-rise and 0.78
+ 0.13 s time-to-half-decay of action potential-evoked fluorescence[143]. With a an
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Figure 3.20: Confocal 2D Ca2?timaging A. Confocal fluorescence image of a day 11 neural
organoid (cyan:H2B; magenta:R-GECO1). B. Signal propagating across 3 neurons selected in A.
shown in separate panels in C. Exposure time was set to 320 ms per frame, images were acquired
with LSM 920 Zeiss, 40x/1.2 W. Scale bar: 50 pm, Color bar: 0-1 in normalized arbitrary units

320 ms exposure time per frame, the decay of the signal can be sampled in a way
that satisfies the Nyquist condition (Figure 3.20) in a 2D single plane time series.

3.3.2 Light-sheet microscopy: 3D functional imaging

As a final assessment of the setup’s capabilities, functional imaging of a D10 neural
organoid will be discussed. First the imaging conditions and settings will be pre-
sented. Next, necessary pre-processing setups will be pointed-out. Finally analysis
results will be put in context using concepts from graph theory.

3.3.3 Setting up light-sheet microscopy experiment

Conditions in setup’s incubation chamber were adjusted to physiological conditions
of 37 °C and 5 % COg and left for equilibration. Lasers 561 nm (functional imaging )
and 488 nm (structural imagin) were turned on and allowed to heat-up. An imaging
chamber was prepared as described 3.2.6.

Imaging was performed with a water immersion objective (Olympus, 20x/0.5 W)
which resulted in a 665 x 665 um? FOV. Pixel binning is set to 4x4 which creates
512x512 pixel images. Z-step was set to 3 um. Therefore, by setting the number of z-
planes to 20, the sample was inspected up to 60um deep in the tissue. Exposure time
per frame is set to 10 ms which is the maximum acquisition rate the camera could
offer (100 frames per second). With 200 ms per volume, a bidirectional scanning
rate of 5 Hz was achieved (5 vol/s).

The structure of the network was examined by imaging the GFP channel of the

76



nuclei using the 488 nm laser (Figure 3.23 A.). The presence of characteristic
neural rosettes was assessed. Next, a 200 s long functional imaging was performed.

3.3.4 Image processing

Image processing includes three steps. In the first, images are re-ordered using a
self-written Fiji script. Afterwards they are filtered to remove low-frequency contri-
butions using a Fourier Filter ( 3.21). Next, images are motion corrected and the
matrix factorization CalmAn pipeline is initiated. All the steps will be demonstrated
on a single dataset.

3.3.4.1 Filtering

The user removes from the data low-frequency contributions by applying the previ-
ously described filter (Figure 2.18). That way, only smaller objects, which have the
potential of being active neurons are preserved in the FOV of the raw volumetric
data (Figure 3.21 A and B). Next, in the process of matrix factorization, spatio-
temporal calcium activity of active neurons in the FOV is extracted (the AC signal
in Figure 3.21).

Raw data are written as Integer, 16 Bit Unsigned: meaning the unsigned whole or
natural numbers range from 0 to +65535. The filtered and processed data (AC) are
written as Integer, 16 Bit: Signed Integers and range from -32768 to +32767. This
explains why on the histogram (Figure 3.21 C.) the signal of the raw data adopts
only positive values and the one of the filtered and processed data both positive and
negative. Importantly, it can be noticed that with each processing step the signal
content decreases, so that the AC signal of active neurons is effectively very small
compared to the background and noise.

3.3.5 Motion Correction

To compensate for rigid and non-rigid transformation the sample is undergoing
throughout the imaging session, the data is motion corrected right before the matrix
factorization step. NoRMCorr algorithm is applied to identify shifts along x, y and z
direction and correct for them (Figure 3.22). The shifts in all axes does not exceed
2 pixels which corresponds to 2.6 um.

Interestingly, motion along x and z displays a similar behaviour, that is somewhat
the reverse of the one along the y axis.

3.3.6 Reconstruction of spatio-temporal calcium activity

In the following section, the output data obtained with the CalmAn pipeline will
be further analysed. The main information of interest that is extracted are the A
and C' matrices that store respectively the spatial footprints of firing neurons in the
FOV and their activity traces. The product of the two can be used to reconstruct
the spatio-temporal profile of the imaged structure.
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Figure 3.21: Fluorescent trace of raw vs low-frequency filtered and CalmAn processed
region of interest A. In the raw data, a region of interest corresponding to a firing neuron
(white circle, with x,y,z coordinates) is selected. In the pre-processing and processing steps, the
background and noise signal are removed from the images so that in the end, only a small portion
corresponding to the neuronal calcium activity remains visible upon fluorescence trace inspection
(B.) The gradual removal of irrelevant signal from the data can be traced by plotting a histogram
of pixel values corresponding to raw, filtered and final data. Because the raw data is written as

Integer, 16 Bit Unsigned as oppsed to the filtered and AC data (Integer, 16 Bit: Signed Integers)
the pixel value ranges are different.
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Figure 3.22: NoRMCorr Motion correction along x, y and z axis for a shift of about 2
pixels along all the three axes is made (2.6 pm). The motion along the x and z axes follows a
somewhat similar trend that seems opposed to the trend of the motion along y axis.

3.3.7 Active neurons in the FOV

Not every neuron in the network seems to be firing. At least this is the observation
that can be made for this dataset according to the result presented in Figure 3.23.
The structure of the sample can be inspected thanks to the endogenously expressed
nuclear marker H2B-GFP (Figure 3.23 A.). On the other hand, the structure
reconstructed using identified footprints from the A matrix does not involve all of
the neurons visible in the structural channel. As a rough estimate of the maxima
identified in both channels (maxima location tool, Fiji), only around 1/6 of the all
the neurons in A. displays a firing behaviour in B. The centre of mass of each spatial
footprint is known, what allows to compute the centre of mass of the entire active
network (Figure 3.23 B.). Its location with respect to the overall approximate shape
of the structure, suggests a rather homogenous distribution of firing neurons in the
tissue.

Visual inspection of the activity traces of identified neurons plotted as function of
time (Figure 3.24 C.) constitutes a first sanity check for successful segmentation
of the structure in the FOV. In case the same trace is present for what has been
identified as separate neurons, the values of parameters, such as the threshold for
component merging need to be optimized.

The number of firing neurons in this dataset is equal to 102 (Figure 3.24 C.).
Components output by the CalmAn algorithm were manually inspected to select
good traces. In the future, the analysis pipeline can be fully automatized. One of
the ways this can be done is currently being developed by Filippo Kiessler (master
student at the Faculty of Physics, LMU). He developed a Variance Filter that uses
the variability of the spatial fast fourier transform of the raw dataset to filter out the
unwanted background structures, and leaves the neuron signal mostly unaffected

3.3.7.1 Interactions between neurons

Before all the traces shown in Figure 3.24 C. are subject to a correlation analysis,
it will be instructive to inspected pairs traces corresponding to neurons localized at
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Figure 3.23: Active neurons in the FOV A. Unsharp masked raw image of the H2B-GFP
expressing organoid B. Maximum intensity projection of the spatial footprints of active neurons
identified in the FOV. White dot corresponds the computed center of mass of the structure (scale
bar: 100 pm)
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Figure 3.24: Extraction of active neurons A. Single time frame from a low-frequency filtered 4D
functional imaging of an organoid B. The same time frame obtained by reconstruction of processed
data. Only active neurons are present in the FOV. C. De-noised, 0-1 normalized fluorescent traces
of neurons (in the number of 102) identified in B. (Scale bar: 40 pum)

80



different positions in the FOV (Figure 3.25). One could roughly say that neurons
in A. and B. seem to be firing very close in time and that the activity of neurons
C. and D. is rather shifted one with respect to the other. Following on that, it is
interesting to learn that the distance separating neurons in A. B. is larger (68 and
50 pm respectively) than the distance separating neurons in C and D. (33 and 19
pum respectively). It seems that the position in the network and distance between
neurons is not the primary factor dictating possible types of the interactions.
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Figure 3.25: Possible neuronal interactions All panels depict a pair of neurons localized at
different distances with respect to each other in the FOV (in pixels) and their corresponding 0-1
normalized traces. Separation between pairs of neurons in 3D indicated by |R| is equal to A: 68
pm, B:: 33 pm, C: 19 pm, D: 50 pm. One trace in each pair is offset for display purposes.

3.3.8 Directionality in the signals

In future analysis, it would be useful to define whether neurons establish sender-
receiver dynamics. To obtain first insights into that, time-lagged correlation analysis
can be performed. As an example, time-lagged cross correlation of traces B. and C.
from Figure 3.25 are presented (Figure 3.26).

The interpretation of the cross-correlation curves in both cases is not obvious. De-
tection of peaks by eye seems a rather straightforward task in both cases. Roughly
speaking, peaks in A. are shifted one with respect to the other for about 100 s and
and in B. they seem to happen at the same time. Therefore the time-lagged cross
correlation should show a peak for ~ At = 100 and ~ At = 0 respectively. It is not
exactly what happens. Although the expected peak does show for more or less the
expected At some other features are displayed in both cases. The reason for that is
that the traces are far from displaying delta-function like peaks. Other irregularities
are present which distort the structure of the time-lagged cross correlation.
Importantly, traces in the example show only a single peak. One can only imagine
that the situation becomes even worse in the presence of multiple peaks. The need
for a robust algorithm for the deconvolution of the spiking trains from the dynamics
of the calcium indicator becomes more obvious.
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Figure 3.26: Time Lagged Cross Correlation of experimental data. Operation is performed
on traces shown in Figure 3.25. A. Highest correlation is obtained for a lag of 90.8 s which
corresponds to the time shift of the two peaks in trace 1 and 2. However, a large and somewhat
misleading correlation peak is also present for lag 0 s. It is due to the overlap of the broad
unstructured band present in the first 30 s in trace 1 with the well-structured peak of trace 2. B.
Traces 1 and 2 display peaks at almost the same and therefore the largest correlation is obtained
for a lag of 1.6 s. The non-symmetric shape of the correlation peak is the result of the overlap of
the smaller peaks present in two signals around time = 20 s.

3.3.9 3D connectivity map of the network

A more quantitative analysis of the interactions involves measuring of the global
synchrony between neurons in the network. This is achieved by computing Spear-
man rank correlation matrix for each possible pair of neurons. The coefficients (Ryg)
reflect the strength and type of interaction that exist between them. The diagonal
represent the autocorrelation of the neuronal trace with itself and is therefore equal
to 1 (Figure 3.27 A).

Small patches of strong (|Rg| > 0.8) positive and negative correlations can be dis-
tinguished. It is possible that by such interactions a functional circuits form, where
neurons engage in the same type of activity. Interestingly, Rg values follow a Gaus-
sian distribution and adopts mostly values between —0.4 and 0.4 (o) with a mean
p close to 0 (Figure 3.27 C.). This means the inter-neuron interaction landscape
is dominated by weak interactions. Moreover, it seems that the strength of the
interaction between a pair of neurons (measured by value of the correlation of the
Rg coefficient) does not depend on the distance separating them (Figure 3.27 B.).
That would suggest that the speed at which the interactions propagate is high and
faster than the response time of the sensor.

3.3.10 3D network of active neurons

Since the positions of all the components can be computed, it is possible to represent
the network and interactions of its units in 3D (Figure 3.27 D.). For that, use is
made of basic graph theory where neurons become nodes of an undirected graph
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Figure 3.27: 3D Connectivity analysis A. Spearman rank correlation matrix of all 102 active
neurons identified in the FOV. The value of the correlation ranges from 1 to -1. Positive correlation
value suggest two neurons are likely to fire together while in case of a negative correlation, the
firing of one neuron is likely to inhibit the firing of the other in the pair. B. Correlation coefficients
are plotted as a function of the distance between neurons in the pair for which the correlation is
computed. C. A histogram of all the correlation coefficients from A. is computed. One can notice
that it follows a Gaussian distribution, and that week interactions (around 0) contribute the most
to an entire pool. D. 3D representation of interactions in structure using a graph layout. Nodes
correspond to active neurons and the edges represent their interaction with the rest of the network.
Edges are color-coded according to A. To remove possibly spurious interactions, connections with

Rg > 0.8 are displayed. Node size is degree coded. The red dot corresponds to the centre of mass
of the structure.
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and the connections between them - edges - are colour-coded according to the cor-
relation coefficient computed for this pair. To keep only the strongest connections
and remove possible false ones, a threshold is set, namely |Rg| > 0.8. The result of
such operation is depicted in Figure 3.27 B. The subset of nodes and edges forms a
graph where nodes posses direct and/or non-direct functional connections to other
units. In addition, node size is degree coded - the more connections a node has the
bigger it appears in the graph.

Synaptic modification and refinement during the activity-dependent neural develop-
ment is believed to be achieved via correlated activity (an idea originally proposed
by Hebb [144] and further extended by others as reviewed by Bi and Poo [145]).
It is possible that local spontaneous activity correlation observed for small groups
of neurons extend later on to global synchrony as a result of the emergence of a
functional neuronal circuit.

Such hypothesis can be explored by imaging the network of a neural organoid at
other developmental stages.

3.3.10.1 Which interactions matter?

Thresholding network connections to keep only the strongest ones was just one of
the possible ways to start network analysis. It has been reported that weak firing
correlation between neighboring pairs of neurons in vertebrate retina are relevant
for the maintenance of strongly correlated network states upon visual stimulus pre-
sentation [146]. Therefore, both strongly and weakly correlated interactions should
be looked at.

3.3.10.2 Receivers, Renders and Brokers nodes

Moreover, to obtain more detailed information on the dynamics of the signals in
the network, time-lagged cross correlation between each pair of signals should be
performed [147, 148]. This would allow for the study of local synchrony in the
network, gain insight into the directionality between signals and help establish if a
leader-follower relationship takes place between pairs of nodes. A similar approach
was followed by Sharf et al. where receivers, senders and brokers nodes were identi-
fied in the human brain organoid network[7]. To permit such studies some changes
would have to be introduced into our setup which will be discussed in 5.2.1 .

3.4 Cluster firing

Apart from an overall and at first site non-coordinate firing pattern, another be-
haviour can be observed. Namely, the firing of a cluser of neurons (Figure 3.28).
Excitingly, results obtained in Figure 3.28 allow for estimating the signal prop-
agation velocity in the structure as reported by the R-GECO1 calcium indicator.
Assuming the travelled distance to be r (Figure 3.28 A.) and time to be 35 s (Figure
3.28 B and C.) The velocity would therefore be approximately 1.4 ym/s. The result
should be considered as merely showing the type of information one should be able
to extract with the use of a setup similar to the one being discussed here. CalmAn
pipeline identified the structure in Figure 3.28 B. as one component which seems to
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Figure 3.28: Explosion behaviour Calcium imaging of day 15 neural organoid in which the
concerted firing of a cluster of neurons has been observed. Panel A represents maximum intensity
projections of the entire organoid in the FOV with a selected region for which the cluster firing is
observed. The small circle has been placed for comparison purpose - it has a diameter of 10 pym
and corresponds to an average single neuron. B. Selected region at time t1, t5, t3 which correspond
to the time points right before, during, and right after the firing event marked as dashed lines in C.
The images correspond to single planes extracted from a 3D activity reconstructed with CalmAn
pipeline. C. Fluorescence trace extracted from one-plane time series belonging to a CalmAn-
reconstructed 3D activity. Scale bar: 50 ym (A. and B.)

exceed the size of a single neuron - rather it is a cluster of multiple neurons displaying
an activity so similar it has been identified as a single unit. Such behaviour could
be explained if the neurons in the small cluster simultaneously received an input
from another source. Cluster firing was observed in some form in both young(D7)
and older samples (D15).

What is the difference between an overall firing and a cluster firing behaviour and
where does is come from? What role does it have? Can one control it depending on
the organoid growth conditions? To answer these and many other questions, further
investigations need to be conducted.

3.4.1 Image segmentation - towards linking structure with
function

To complement correlation analysis, real-time neuronal network morphology at high
resolution should be characterized.

Network architecture is defined by spatial distribution and orientation of its units
(neurons) and the shape of their arbours (dendritic inputs and axonic output) which
strongly impact network connectivity. Such information can therefore be used to
deepen the understanding of the structure-function relationship in the nervous sys-
tem at the circuitry level[149, 150]. Depending on the type of fluorescent reporter
that is introduced into the network, various features of the tissue can be obtained.
For example, membrane labelling can allow for cellular shape retrieval.
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3.4.1.1 Network structure deduced from the nuclear marker

In this study, a very approximated network architecture could be obtained using
the structural channel where nuclei are visualized (Figure 3.29 A.). Simple image
restoration operation (Top-Hat Filter 2.27) was applied to partially remove blur
from image, which could then be segmented using Ilastik workflow. Segmentation
result was then enhanced by applying a Watershed filter to separate nuclei that were
merged (Figure 3.29 B. and C).

Figure 3.29: Image Preprocessing Simple image preprocessing consist of filtering the A. raw
image with a Top-Hat Filter to B. partially remove the blur and be able to C. segment individual
nuclei using a machine learning-based approach. First, Pixel and Object Classification Workflow
with two categories was used to obtain a segmentation image that was next watershed transformed
to separate nuclei that have been merged together.

In the resulting image pixels have been grouped and assigned to one of the two
object categories: nuclei or background. The number of nuclei-objects along with
their centre coordinates can be extracted. Such analysis could be done for an entire
structural volumetric stack to for example characterize cellular density as a function
of tissue depth (p(R)) with a recently developed deep learning-based segmentation
method called Cellpose [151].
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Chapter 4

Summary

“Slaby ze mnie
piastun nicosci

nigdy w zyciu

nie udalo mi sie
stworzyc

przyzwoitej abstrakcji”

— Zbigniew Herbert,
Epilog Burzy

This thesis was dedicated to the development of a low complexity experimental
pipeline for functional imaging of neuronal systems. To achieve this goal, a light-
sheet microscope tailored for state-of-the art calcium indicators and computational
analysis tools has been developed.

The setup has been equipped with three laser lines to enable multichannel imaging.
It provides a subcellular resolution in both lateral and axial directions for the two
objectives used in the study (Tab. 3.1). In addition, the thickness of the light-sheet
beam that can be generated (between 3-5 pum) allows for optical sectioning and re-
solving single neurons.

The volumetric imaging speed of the setup was maximized to 5 Hz by setting the
stage into a bidirectional scanning mode, the frame exposure time to 10 ms, z step
to 3 pm and the plane number to 20. With this, the setup can be placed among the
state-of-the art instruments for functional imaging while maintaining a relatively
low level of technical complexity.

In order to validate the setup, a fluorescent sample was created. For that purpose,
a mouse embryonic stem cell line (kind gift from Bedzhov lab, MPI Muenster) was
obtained, which intrinsically produced a fluorescent green nuclear marker and red
calcium sensor. The presence and functionality of the two was confirmed in the
experiments conducted in this thesis.

The potential of cells despite their mycoplasma contamination to differentiate into
neurons was confirmed by performing pluripotency stainings. Next, a protocol for
mouse retinal organoid culture was optimized and used to create a 3D neuronal net-
work. The presence of neuronal markers was assessed using immunostaing of tissue
cryo-sections generated in the lab with the use of a cryotome.
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A mold-maker tool was designed and 3D-printed to allow for the creation of a trans-
parent gel chamber that could host organoids for structural and functional imaging.
The tool yielded reproducible chambers and was easy to use which tremendously
facilitated the experimental procedure.

As a next step, 4D high speed volumetric imaging of the spontaneous activity in
neural organoids reported by the red calcium indicator was carried out at 5 Hz (665
x 665 x 60 wm?). It must be noted that the imaging of mammalian tissue is chal-
lenging as the sample displays highly scattering and light absorption properties in
opposition to model systems such as the zebrafish.

Two types of firing patterns have been observed - overall and cluster firing. The
latter, allowed for the determination of the signal velocity in the network which
was about 1.4 um/s. This is orders of magnitude slower than the conduction speed
reported in both non-myelinated and myelinated neurons, which suggests that in
the future, a faster sensor needs to be used. Excitingly, a new generation of calcium
indicators has recently been created which have a rise time of few miliseconds [77].

Spontaneous activity is present in immature circuits in various regions of the central
nervous system. It participates in the development of synaptic circuitry [152, 153,
154, 155]. Long before the onset of vision, mammalian retinal ganglion cells exhibit
spontaneous, periodic bursts of action potential [156, 157, 147, 158]. It is not known
how and to what extent such processes occur in a dish. This could be addressed in
future studies.

Obtained 4D data was pre-processed with a custom written filter and analysed us-
ing an open source tool CalmAn. It applies the concept of constrained non-negative
matrix factorization to reconstruct the spatio-temporal calcium activity of firing
neurons in the field of view. Small spatial footprints of active neurons and their
fluorescence activity traces are stored in two separate easily accessible matrices. Re-
markably, calcium spikes can be extracted from a high noise and static fluorescence
background.

Moreover, the data was analysed as a whole stack, not plane by plane. Such ap-
proach can provide insights into some aspects of the activity of 3D neuronal systems
and its connectivity that could be missed otherwise.

Measurements performed in the frame of this thesis give information on the sponta-
neous behaviour of 3D-cultured and organized neurons. They constitute a first step
in characterizing the functional connectivity of such systems.

As a next step, a directed or targeted stimulation (for example, using another laser
source or a drug) could be used to study network dynamics by induced network
activity. The response and relaxation of the system to such perturbation could help
to deepen our understanding of the time and length scales that play a role in the
emergence of functional neuronal circuits.
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Chapter 5

Outlook and Prospects

“Above all, don’t lie to yourself.
The man who lies to himself and
listens to his own lie comes to a
point that he cannot distinguish
the truth within him, or around
him, and so loses all respect for
himself and for others. And having
no respect he ceases to love.”

— Fyodor Dostoevsky,
The Brothers Karamazov

How to link together the experimentally obtained information on the architecture
and activity patterns in a biological neuronal network and model them theoreti-
cally? For detailed discussion of the subject with focus on the brain, the reader is
encouraged to look into [159, 160, 161].

The first complete mapping of nervous system at a cellular level and description in
terms of a small-world network ! has been done for Caenorhabditis elegans [162, 163].
Here, only a modest attempt will be made to look at the studied biological network
in terms of a simple physical model with basic, well-defined properties.

5.1 Hopfield network

The complexity that even a few-unit neural network can display is astounding [164,
165]. Is there then a way to reasonably simplify the behavior of a multi-unit network
to the degree it can be understood? In 1982 John Hopfield proposed a physical
model, now called Hopfield Net, with emergent computational properties. The model
consists of an ensemble of computing, fully connected devices - neurons. It can be
regarded as an undirected graph where neurons are represented as nodes and the
strength of their interactions is given by weighted edges. In addition, neurons can
adopt one of the two states: not firing (-1) and firing at maximum rate (1).

'In a small world network, the path between two nodes tends to involve only a few edges. This
notion is expressed by the popular siz degrees of separation idea that any two people (nodes in a
social network graph) can be connected by six of less acquaintances (edges.)
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Such an ensemble probably reminded the reader of another model that describes a
system of particles able to adopt one of two states - the Ising model!

In case of a ferromagnetic material, its atoms (ions) can be modelled as particles
(sites) with a spin § (up) or spin —1 (down). Spins flip and tend to align parallel
to lower the energy of the system. This way long range spatial correlations of mag-
netization arise. It resembles a situation where adjacent neurons like to be (enter)
the same state. Change of state of one neuron provokes the change of state in an
adjacent neuron so that effectively a signal can propagate through the structure.

In order to show the close relationship between the Hopfield and the Ising Model,
the energy of both systems will be discussed.

The total magnetic field h; experienced by an atom ¢ in an a system of atoms
equals to the sum of the individual fields that each atom induces on their neighbor
and and (if present) the external field h*

j=1
w;; corresponds to the value of the magnetic coupling between the considered
atom i and all the other atoms j. The potential energy of a given state in an
n-element Ising material takes the form of :

n n

Ex) = ; SN wimim; + Y —hw (5.2)
The factor % is used because of the identical terms wjjz;x; = wjx;jz; sum. For
a Hopfield network of n-unit, a weight matrix W expressing the effectiveness of
synapses can also be defined. Even though is is not likely to occur in biological net-
works, the matrix is symmetric meaning w;; = w;;. Once assigned, these weights do
not change during a simulation. No unit is self-connected to avoid constant feedback
of its own state value. In addition, a threshold activation value 6 is assigned to each
unit.

Biological synapses are activated by arriving action potentials and the incoming
signal to a neuron ¢ can be written as w;;r;. Neurons update their state asyn-
chronously — each unit maintains its state until it is selected for an update. In that
situation, the neuron evaluates the net contributions it received from other units

z; — 1 Zf Z WLy > 61
jii (5.3)
z; — —1 otherwise

And adjusts its state accordingly. The energy E(x) of a state x of the network is
given by

1 n n
i=1j5=1 =1
Equation 5.4 is isomorphic to the equation 5.2.

How are the weights selected?” A number of patterns p corresponding to stable
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states can be stored in the n-unit network. A pattern is a n-long binary word that
gives the configuration of active and non-active neurons in the network. Follow-
ing the Hebb’s learning rule [144] that states that simultaneous firing of a pair of
neurons 7, j increases the synaptic coupling between them it can be written that

Wy = > et (5.5)
pn=1

If the system is started sufficiently close to one of the states corresponding to those
stable patterns it will settle in an energy minimum after finite number of time-steps.
For example, the state of an n-unit network is given by a vector x which describes
the configuration of firing and non-firing units. This network has several stable limit
points given by vectors x,, Xp, .... On the condition that the network is started
sufficiently close to one of the stable point vectors, the network will adopts states
located down the energy landscape to settle in one of local minimum.

As a an example, a simple 3-units Hopfield network(Figure 5.1 A.) can be studied.
The state of each unit is defined as x;, the symmetric weights connecting them are
assigned just as the acitvation tresholds (). The network can take on 23 different
states and for each, their energy in arbitrary units can be computed using equation
5.4 as

(1+414+41)=-1+15=05
(-1+1+1)=-1+05=-05
%(—1—1+1):—1—0.5:—1.5

8
A
|

*1,132:].,.%3:1) :—% (—2
_—171’2:1,1'3:1):—

8
S
|

E(

E(

E(x;=-laz=-lz3=1)=-1(2)+

E(m =-laz=-lz=-1)=-12)+i(-1-1-1)=-1-15=-25
E(@ =1la=-la3=-1)=—-1(2)+15(1-1-1)=-1-05=-15
E(@ =laz=1Lz=-1)=-12)+;(1+1-1)=-1+05=-05
E(@=-lzm=1lr=-1)=—-1(-2)+3(-1+1-1)=1-05=-05
E(m =laz=-1lz3=1)=-1(-6)+3(1-1+1)=3+05=35

An energy levels digram with possible state transitions for the network can be created
mapping states to their corresponding energies (Figure 5.1 B.). The interaction
weights reflect the mean firing rate a neuron displays.
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Figure 5.1: Hopfield network A. A Hopfield network composed of three units in states x1, o,
x3. The activation treshold is set equal for each unit (§ = 0.5) and the symmetric connections
between the units have assigned weights (w13 = wa; = 1, w1z = w31 = —1, wez = w3z = 1). B.
The network in A. can take 23 = 8 states. The energy of each state can be computed according
to 5.4 with possible transitions leading to the lowest energy state. The states marked in grey
which do not have predecessors are called Garden-of-Eden. Unless they are induced from outside
before the simulation starts, they can not be arrived at. C. The solid curve represents input-
output relationship between sender neurons and receiver neuron captured by the mean firing rate
as a function of membrane voltage for a neuron [166]. The mean rate at which action potentials
are created increases smoothly with positive membrane potentials until saturation is reached. No
action potentials are generated for large negative membrane potentials thus the firing rate is equal
to zero in that region. The two dashed lines represent a simplified way this behaviour can be
modelled - as discrete or linear. The former (discrete) model was used in B. Network and energy
diagram adapted from [167]
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5.2 Our network as a Hopfield Net

A tempting thought experiment imposes itself: could the experimentally obtained
network be considered in terms of a Hopfield network? Since it was not possible
to retrieve mean firing rates for each neuron in the network correlation coefficients
could be used to represent the synaptic connection strengths (Figure 5.2 A.).

A r use as }
correlation r, = w. synaptic
coefficients U weights

set r =0
11
possible
energy states
102 30
X=X, Xy s X ) = 27~ 5x10
set neurons’ tresholds
6,0 ,..,06 = 05
1 2 102
[ |
B. C.
neuron 1 2 3 4 101 102
pattern Energy w=2  stimulated
w=1 CQ . . Q Q> \1‘elaxation
w=2 CQ . Q Q .> u=1 spontaneous
/@ ON)/OFF (1) States

Figure 5.2: Neural organoid modelled as a Hopfield network A. An Experimentally obtained
network formed in a neural organoid. The network is fully connected and the the strengths of the
interactions are given by the correlation coefficients obtained as ... If each node can be either firing
or not firing (1 or -1) with a threshold 0.5, the network formed by 102 units can take 2102 states. B.
Hypothesised situation where the spontaneous activity of the network corresponds to a stable state
represented by a pattern g = 1 which gives the configuration of firing (ON) and non firing (OFF)
neurons. Upon maintained stimulation, a new metastable state corresponding to another pattern
u = 2 can emerge. C. When the stimulation is no longer maintained, the network relaxed back
to pattern 4 = 1 which corresponds to settling into an energy minimum in the energy landscape.
Activity pattern representation inspired by [53].

The following scenario could be imagined: the observed spontaneous activity
corresponds to a stable state (pattern g = 1). Upon system stimulation, the system
could be induced into another less likely and thus not stable state (pattern p = 2)
which could be maintained during stimulation. However, once the stimulus is re-
moved, the network would relax back to its stable state (Figure 5.2 B. and C.). Or
would it not and another state would be created? This could be explored!

Induction of an excited state (new firing pattern) could be achieved by integrat-
ing a stimulation agent during functional imaging. For example :

e optical stimulation using another laser source (local) or pattern illumination using
a liquid-crystal display (LCD) projector (global)
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e clectrical: by incorporating electrodes into the sample throughout development

e chemical: exposure a substance that interferes with sample’s physiological pro-
cesses (i.e. diazepam)

In the long run, proper stimulation would allow for controlled activity modulation.

5.2.1 Modifications that could improve future studies

The kinetics of the reporter used in this study makes it suitable to probe slower
neuronal communications. To fully resolve individual spikes and subsequently de-
convolve the traces to extract firing rates and compute time-lagged cross correla-
tions, the imaging scanning rate in the setup should satisfy the Nyquist criterion
for the half-rise-time of the sensor’s response. There are two straightforward ways
to achieved that.

e The first solution would be to increase z-step between consecutive planes, as a
3 pm step might result in slight oversampling. However, this is acceptable only to
the extent where individual neurons can still be segmented in 3D.

e Another solution would be to increase the camera frame rate, which is possi-
ble with the camera implemented in the setup. This would require validation if the
number of emitted and collected photons with a reduced exposure time per frame
(<10 ms) results in a sufficient SNR. A way to mitigate that would be to either
increase the laser power intensity or select a brighter reporter. The choice of the
imaging parameters is crucial for the viability of the biological sample, especially
the laser power intensity used in the experiment. In case of the setup discussed here
used laser powers are rather low.)

To improve the understanding of the network dynamics different approaches to ob-
tain the most likely spiking trains that best account for the recorded fluorescence
should be explored [123, 168, 169, 170, 171].

e Faster calcium sensors

New generation of calcium indicators with ultra-fast kinetics (rise times, 2 ms) and
high brightness has been reported [77]. They could allow for monitoring of activity
of neuronal populations on a timescale matching the time scale of AP propagation

which is important for neural computation.
Such indicators could be used to map sample’s activity at short timescales.

e Voltage indicators

Optical recordings of nerve excitation with the use voltage sensitive organic dyes
with fast kinetics were first reported by Tasaki et al. and some years later by Cohen
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et al. [172, 173]. Changes in membrane potential could be precisely tracked since
they induced changes in the fluorescent properties of those cell-membrane bound
dyes. A number of genetically encoded voltage indicators (GEVIs) are now avail-
able. Still, extraction of circuit-level information from acquired is very challenging
since analysis tools are being simultaneously developed [174].

e Scanning mode

In this work, the sample was moved along a static beam to perform volumetric
imaging. Such continuous and fast motion might be disadvantageous for some type
of samples, for example a zebrafish. A scanning illumination might turn out to
be more suitable. In such a scenario, the sample is immobile while being rapidly
scanned by a focused light-sheet beam. The image of the illuminated plane is ac-
quired by a camera, usually orthogonally located with respect to the illumination.
Yet, high-accuracy synchronization of the co-registration of the focal plane with the
light field plane might become challenging.

5.2.2 Healthy sample

It would be important to evaluate how the mycoplasma contamination affected the
behaviour of the cell line. Another healthy mouse embryonic stem cell line should be
used to generate other datasets. Then the spontaneous behaviour of two generated
tissues could be compared. Potentially, there would be major functional differences
as in case of kidney cysts by cultured by DesRochers et al. [137].
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Chapter 6

Supplements

6.1 2D gaussian fitting

PSF: 3D intensity PSF was obtained by imaging 1% gel-embedded 170 nm fluores-
cent beads with a 561 nm laser (1% low gelling temperature agarose in ddH—20,
orange 540/560 nm beads, PS-Speck™ Microscope Point Source Kit P 7220). We
cropped ten cuboids with one central bead each. For each bead we then measured
4 lateral and 2 axial intensity profiles along each two perpendicular axes in three
central planes (xy, xz, yz) of the bead (Fiji) and further Gaussian-fitted them:

(x — m)?

=d+ A _
Y + A exp( 572

) (6.1)
to extract 1/e? radii that were assumed to be the lateral and axial resolution. In
equation 6.1 d is the offset, A is the amplitude, x; is the expected value and o space
the width. We performed this procedure for both 20x and 40x objective. To estimate
the light-sheet thickness, height and homogeneity, illumination profiles across 200 x
200 pum? of the FOV were mapped. For this purpose, we used a 45deg tilted mirror
that was moved along the optical axis to deflect the light-sheet directly into the
detection lens. Acquired images were then 2D-gaussian fitted with a custom written
Python code to extract o,:

f(x,y) = d+ Aexp(—(a(z — x0)* + 2b(x — o) (y — o) + c(y — v0)°) (6.2)
where

cos?@  sin’d

202 207
sin20  sin 20
b=— Ao2 Ao2 (6-3)
T y

sin? 6 n cos? 0
202 207

by setting the rotation angle to zero ( @ = 0 ) sin terms in a, b, ¢ disappear and we
get

(ZL‘ - xO)Q (y B y0)2> (64)

2 2
202 20,

flz,y) =d+ Aexp (—
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where d is the offset, A is the amplitude, zq is the expected value along x -direction,
Yo is the expected value along y -direction, and o, and o, are widths along x and
y axis respectively. We can then assume the radius of the beam to be o, and plot
oy as a function of z. Data points can be fitted with the theoretical description of a

Gaussian beam:
r — Xy

w(z) =wo+ /1 +( )? (6.5)

TR
where 2wy is the beam waist and 2xg is the Rayleigh length, zy corresponds to the
shift with respect to the origin of the coordinate system.

6.2 Experimental and simulated PSF profiles

40x x-profile y-profile z-profile

20x x-profile

Figure 6.1: Experimental PSF profiles
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Figure 6.2: Simulated PSF profiles

6.3 Dark current measurement
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Figure 6.3: Dark current measurments
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Chapter 7

Closing remarks

“I believe it is impossible to be sure
of anything.”

— Han Fei Zi

The aim of this project was to study neuronal network activity of a fully developed
mouse retinal organoid, a sample that has at that time already been characterized
in the lab. To do that, a calcium sensor had to be introduced in the retinal tissue.
Several methods have been tried such as viral transduction, plasmid delivery via
lipofectamine or electroporation. They did not however yield a suitable sample.
Because of that, another strategy has been pursued. It involved the generation of a
sample from another cell line, intrinsically expressing sensor molecules.

Creation of a new sample turned out to be very challenging, time consuming and
confusing. The induction of neural differentiation of the cell line did not go as
expected from the protocol. Back then, the fact that the cell line was contaminated
with mycoplasma was not known and has been discovered only after all experiments
were performed.

Even though the biological relevance of the obtained results decreases because of the
contamination (a soul crushing news indeed), from a physics point of view, the sam-
ple served its purpose. The light-sheet setup along with the image analysis pipeline
could be validated and are now ready to be used in experiments were a healthy sam-
ple will be studied. In addition, the fascinating observation could be made: even
though negatively affected (mycoplasma contaminated), embryonic stem cells were
able to self-assemble and build a somewhat functioning and organized structure. It is
difficult to say if were they not contaminated they would develop into a retina as ac-
cording to the protocol. It is however a possible hypothesis that could now be tested.

To close the thesis, I decided to cite one of my favourite quotes.

“Simplicity is the ultimate
sophistication.”

— Leonardo Da Vinci
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