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ABSTRACT

A main question in systems neuroscience is how sensory information
is processed to yield a behavior best suited for the current situation.
In this thesis, we use the larval zebrafish model system, an emerg-
ing model organism in neuroscience due to its optical and genetic
accessibility allowing non-invasive tracking of neural activity.

We first shed light on the feature space that drives swimming
behavior of larval zebrafish. The optomotor response, an innate reflex
to directional whole-field motion, is widely used across animal species
to induce swimming behavior, however, the properties of the visual
stimulus are not yet clearly defined. Here, we show with reverse
correlation and thorough parameter evaluation that the optomotor
response is best elicited by global whole-field motion together with
a local light-dark transition. We further find active units across the
brain that react specifically to this stimulus. We can also show that a
generalized linear model is capable of modeling the observed behavior
better than chance.

We next were interested how visual sensory information and behav-
ior is encoded in Purkinje cells, a principal cell type in the cerebellum
important in sensorimotor control. We show that Purkinje cells in lar-
val zebrafish exhibit the same hallmarks as in mammals, such as planar
dendritic trees. Interestingly, we observed that Purkinje cells show a
different signal compartementalization compared to mammalian ones.
Using two-photon calcium imaging with novel transgenic lines that
we developed, we are able to show that visual information is spatially
clustered across the cerebellum. With the help of electrophysiology,
we could show that the inferior olive provides the sensory context
for Purkinje cell activity. Granule cells seem to be the major carrier
of motor-related information and provide this context homogenously
across the cerebellum. When manipulating Purkinje cell activity, larval
zebrafish show a longer latency to initiate swimming in an optomotor
response paradigm, suggesting that Purkinje cells have an impact on
motor initiation.

Finally, we characterized the in vivo performance of a novel far-red
fluorescence protein termed mCarmine, that expresses well in larval
zebrafish and outperforms an established cyan-fluorescent protein
mTFP1.

In summary, we find novel aspects in the sensorimotor transforma-
tion of visual stimuli to behavior and provide new insights in how
behavior is driven and how sensorimotor contexts are represented in
the brain.
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ZUSAMMENFASSUNG

Eine wichtige Frage in den systemischen Neurowissenschaften ist es
herauszufinden, wie sensorische Informationen verarbeitet werden,
um in jeder Situation die beste Verhaltensstrategie hervorzurufen. In
der vorliegenden Arbeit verwenden wir die Zebrabéarblingslarve - ein
Modellorganismus, der in der systemischen Neurowissenschaft immer
mehr Zuspruch findet. Durch ihre Transparenz ist es moglich das Inne-
re zu mikroskopieren, ohne den Organismus zu verletzen. Weiterhin
ist es durch etablierte Methoden einfach, transgene Organismen zu
erzeugen.

Zuerst untersuchen wir, welche Eigenschaften visueller Stimuli
Zebrabarblingslarven zum Schwimmen bringen. Diese so genann-
te optomotorische Antwort (optomotor response) ist ein angeborener
Reflex, der ausgelost wird, wenn die Zebrabarblingslarve globale, ge-
richtete Bewegung wahrnimmt. Wir konnen hier allerdings zeigen,
dass die optomotorische Antwort am besten ausgeldst wird, wenn
die globale Bewegungswahrnehmung mit einem lokalen hell-dunkel
Ubergang kombiniert wird. Zusitzlich finden wir aktive Areale im
Zebrabarblingslarvengehirn, die stark mit diesem Stimulus korrelie-
ren. Weiterhin kénnen wir mit Hilfe eines mathematischen Modells
zeigen, dass dieser Stimulus besser das Verhalten vorhersagt als rein
stochastisches Schwimmen.

Um herauszufinden, wie sensorische Signale motorische Verhal-
tensweisen beeinflussen, haben wir Purkinje-Zellen, ein wichtiger
Zelltyp des Kleinhirns, untersucht. Wir konnen zeigen, dass Purkinje-
Zellen in der Zebrabarblingslarve dhnlich zum Saugetier planare
Dendritenbdume besitzen, aber eine andere Signalkompartemental-
isierung haben. Mit Hilfe von Zwei-Photonen-Mikroskopie und neuen
transgenen Linien sehen wir, dass sensorische Informationen im
Kleinhirn rdumlich organisiert sind, motorische Information aber
einheitlich verfiigbar ist. Mit Hilfe der Elektrophysiologie kénnen
wir zeigen, dass die untere Olive die raumliche Organisation her-
stellt, und Kornerzellen homogen tiiber das Kleinhirn motorische In-
formationen zur Verfiigung stellt. Durch die aktive Manipulation in
Purkinje-Zellaktivitdt mit Hilfe von optogenetischen Methoden haben
wir beobachtet, dass Purkinje-Zellen einen Einfluss auf die Bewe-
gungsinitiation haben.

Zuletzt haben wir charakterisiert, wie sich ein neues Fluoreszenzpro-
tein namens mCarmine in vivo verhdlt. Das ins tief-rote verschobene
Fluoreszenzprotein lédsst sich gut in Nervenzellen transgener Zebrabar-
blingslarven exprimieren und zeigt eine bessere Leistung als ein
etabliertes cyan-fluoreszierendes Protein (mTFP1).
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Zusammenfassend legen wir neue Grundsteine fiir das Verstand-
nis wie die optomotorische Antwort in der Zebrabéarblingslarve her-
vorgerufen wird, und wie sensorische und motorische Signale in
Purkinje-Zellen zusammentreffen, und welchen Einfluss Purkinje-
Zellen auf das Verhalten von Zebrabéarblingslarven haben.
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INTRODUCTION

Understanding how the brain works is the main task in systems
neuroscience. We not only know that different species have different
brains or brain structures, but also that the brain between individuals
in the same species is different on a micro, and yet so similiar on
a macro level. Interestingly, we commonly ask how the brain works,
rather than why it exists. However, the why seems to be important in
the light of the following studies.

1.1 NEUROSCIENCE, OR WHY WE HAVE A BRAIN

Daniel Wolpert, a figure in sensorimotor control research at Cambridge
University, UK, who recentely moved to Columbia, gave a great TED
talk about the real reason why we have brains. He mentions that the
one and only reason for us having a brain is in the light of adaptable
behavior®. To illustrate this, he uses the example of the sea squirt, a
small aquatic organism that has a (rudimentary) brain after birth. As a
larva, it swims through the water until it founds a decent spot to settle
down. After attaching to the stone, it does not move anymore, because
it remains on the very same spot its entire life. And because there is
no more locomotion, it presumable does not need its brain anymore.
This is why it digests its own brain immediately and undergoes
metamorphosis (Margulis and Chapman 2009).

While behaving, we interact with our environment and we need to
be able to also sense the dynamic nature of the environment. Our brain
not only controls behavior, but also receives sensory input through
different sensory modalities, such as the tactile, vestibular and visual
senses, enabling the organism to dynamically modulate its behavior.
In systems neuroscience, we use the following general schematic to
illustrate this connection, from sensory information to behavior (Figure

1).

https:/ /www.ted.com/talks/daniel_wolpert_the_real_reason_for_brains/transcript

sensory information brain behavior

Figure 1: The dogma of systems neuroscience. Sensory information is pro-
cessed by the brain and the most appropriate behavior is chosen
and elicited.

Why we have a
brain.




INTRODUCTION

Classical neuroscience research is often conducted in rodents, es-
pecially mice. Mice are vertebrates and mammals, and thus, have a
highly similar brain structure compared to humans. However, there
are also limitations using this model organism. Monitoring neural
activity involves invasive preparations that may lead to unphysiolog-
ical conditions. Mice brains have a huge amount of neurons, where
only a small part is accessible for each experiment and animal, limit-
ing the field of view to a very narrow area. Although the generation
time of mice is rather short (around ten weeks from birth to giving
birth), experiments using viral transductions can take up months. It
starts with raising mice to a proper age, injection, incubation/waiting,
(invasive) preparations and ends with elaborate experiments (such
as electrophysiology or imaging). If mice should perform a learned
task, time for training is also needed. Further, it is a nocturnal animal
leading to a different metabolism and also shows no cortex folding,
something visible in non-human primates and humans (del Toro et al.
2017).

Recently, the larval zebrafish has been shown to be a very useful
model organism in developmental biology (Dawid 2004), but also in
systems neuroscience (Ahrens et al. 2012). Because it is also a verte-
brate like a mammal, the larval zebrafish shares some homologous
brain structures with mammals, such as the hypothalamus or the
cerebellum. For further reading regarding development and anatomy,
the reader is directed to two great publications: Kimmel et al. 1995
and Miiller and Wullimann 2015. Only recently, researchers were able
to image for the first time the whole brain of a non-anesthetized verte-
brate, i.e. larval zebrafish, during behavior in a virtual environment
(Ahrens et al. 2012). With the use of genetically encoded calcium
indicators (GECI) expressed in all neurons, neural activity could be
determined by reading out the fluorescence of single neurons (see
also review Rose et al. 2014). A major break-through in imaging neu-
ral activity was the development of very sensitive GECIs with high
signal-to-noise (T.-W. Chen et al. 2013, see also following paragraphs).

1.1.1  Larval zebrafish

The larval zebrafish (Danio rerio) is a powerful model organism in
systems neuroscience (Figure 2). Larval zebrafish show already a huge
variety of different behaviors (see 1.1.2). They are also optical trans-
parent, especially with the nacre mutation (homozygous defect of the
melanophores gene mitfa, Lister et al. 1999). This allows anatomical
and functional imaging in vivo using endogenously expressed fluores-
cent proteins or GECls. Luckily, the zebrafish also offers easy genetic
access by using the fol2 transposase system (Asakawa et al. 2008). With
this, foreign DNA can be integrated stably in the zebrafish genome
by injecting a plasmid harboring a gene of interest flanked by two
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100 pm elavi3:H2B-mCherry

Figure 2: The larval zebrafish is a useful model organism in systems
neuroscience. Larval zebrafish are around four mm long at around
six to eight days post fertilization (dpf). Transgenic modified fish
can be utilized to express genes, such as a fluorescent protein, in a
tissue-specific manner. Here, a transgenic fish expressing mCherry
in all neurons (green) is shown.

direction-selective fol2 arms and the tol2 transposase mRNA. The in
vivo translated tol2 transposase recognizes the tol2 arms and integrates
the gene of interest randomly in the genome. This is a stochastic pro-
cess and can yield a various amount of integration events. Using this
technique, a lot of different molecular tools could be used, such as
enhancer trap screening (Scott et al. 2009), direct expression of reports
under the control of tissue-specific promotors or enhancers (Matsui
et al. 2014; Park et al. 2000), or the Galg/UAS? system (Scott et al.
2007, explained and used in study III). An example is shown in Figure
2: there, we utilized the elavl3 promotor to label all neurons using a
fluorescent protein.

1.1.2 Behavioral repertoire

The larval zebrafish has a rich behavioral repertoire that develops
very quickly (nicely reviewed by Michael B. Orger and de Polavieja
2017). Three or four days post fertilization (dpf), larvae track rotating
stimuli with their eyes, a reflexive behavior called the optokinetic
response (OKR) (Brockerhoff et al. 1995; D. Clark 1981; J. Easter S. S.
and Nicola 1996; S. S. Easter and Nicola 1997). Around five dpf, fish
swim in the direction of perceived motion to stabilize themselves in
respect to the visual environment. This reflex is called the optomotor
response (OMR) (D. Clark 1981; Neuhauss et al. 1999). The OMR can be
elicited in freely swimming fish and also in a preparation where the
head is restrained in low-melting point agarose (Portugues and Engert
2011), see also Figure 3. It is important to note, that the OMR is not
restricted to larval zebrafish, but also visible in flies (Borst et al. 2010),
mice (Matsuo et al. 2018; Shi et al. 2018) and other species (Dieringer
et al. 1982).

2 see also study III; upstream activation sequence (UAS)

3
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Study I

INTRODUCTION

I latency
.“% I ------>

Figure 3: The innate optomotor response (OMR) is elicited in freely and
head-restrained fish when presented with forward moving visual
stimuli, such as a binary grating.

Behaviorally, OMR swimming has been shown to be driven by green
and red cones (Michael B. Orger and Baier 2005), Fourier and non-
Fourier visual motion (M. B. Orger et al. 2000), depend on the speed of
fixed period square gratings (Portugues et al. 2015; Severi et al. 2014)
and on the visual reafference perceived during swimming? (Ahrens
et al. 2012; Portugues and Engert 2011).

Larval zebrafish do not swim continously, but rather swim in dis-
crete swimming events called bouts. Bouts are tail oscillations of a
given frequency, typically around 25 to 30 Hz, and can be grouped
using several features into distinct behaviors (Marques et al. 2018),
such as forward swims, turns and approaches.

In terms of neuronal processing, despite a number of elegant studies
characterizing the projection of retinal ganglion cells (RGCs) to the ten
retino-recipient areas in the zebrafish brain (Burrill and S. S. Easter
1994; Robles et al. 2014), the functional involvement of these RGC
aborization fields (AFs) in the OMR remains unclear (Burgess et al.
2010; Muto et al. 2005; Nikolaou et al. 2012; Roeser and Baier 2003;
Temizer et al. 2015). In addition, two studies, (Kubo et al. 2014; Nau-
mann et al. 2016) have implicated the pretectum as an important hub
where OMR sensory drive is represented.

Despite the fact that we know that very simple visual stimuli such
as binary gratings are capable inducing OMR (Neuhauss et al. 1999;
M. B. Orger et al. 2000), we don’t know features in the visual stimulus
that trigger or at least significantly contribute to the OMR. In the first
Results part of this thesis, hereafter refered to as Study I, I describe
the contribution of different visual features. In addition, we perform
whole-brain imaging experiments and identify neural populations,
downstream of retinal ganglion cells, that react to these features and
may play a role in driving the OMR.

I was involved in studies focusing on the timing aspect of reafference together with
Daniil Markov. Because of their own field of complexity, they are not part of this
thesis.
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Figure 4: Spike- and behavior-triggered average. Left panel: Spikes are
recorded from a neuron using patch clamp while a visual white
noise stimulus is presented to the mouse’s eye. Computing the
spike-triggered average yields a linear filter. Right panel: Here,
we record not spikes, but behavior, especially when the fish starts
swimming. We present larval zebrafish with a forward-moving
binary grating that provides visual feedback while the fish is swim-
ming. We compute the behavioral-triggered average based on the
swim starts.

1.1.3 Behavior-triggered average

A typical question in systems neuroscience is what the optimal stimu-
lus is to make a neuron fire. One approach to answer this question for
an example neuron located in the primary visual cortex of a mouse
would be to present different stimuli to the eye of the mouse, and
record simultaneously from that particular neuron electrophysiolog-
ically (Figure 4, left panel). After accumulating many spikes in a
recording, one would go back to the stimulus presented and average
all the sequences of stimuli leading to a spike (stimulus history). This
method, also known as reverse correlation or spike-triggered aver-
age (STA) has been extensively used to characterize receptive fields of
neurons (reviewed by Schwartz et al. 2006, see Figure 4, left panel).
The STA can be used as a linear filter in a linear-nonlinear-poisson
(LNP) cascade model (Figure 5), previously used to describe firing
patterns of neurons in the visual pathway (Pillow et al. 2008). To
showcase the method, Figure 5 shows all steps using play data: the
aim is to retrieve a (here, a priori set) linear filter using STA. We first
designed a linear filter (weight vector) k. The dot product of k and
the stimulus, for example a gaussian white noise stimulus, yields
the linear filtered stimulus, or in other words a “raw firing rate”.
Applying a nonlinearity, such as a half-square rectification, we get an
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instantaneous firing rate resembling the probability of a neuron to
spike. Feeding the instantenous firing rate into a stochastic Poisson
process, one yields discrete spikes. Reverse correlating the stimulus
with the spikes should ideally return the linear filter k.

The STA, however, only describes a stimulus subspace. Especially
when the nonlinearity is symmetric, the STA does not provide any
visible structure. Here, spike-triggered covariance (STC) is capable
of extracting these linear filters. To further show how STA and STC
works, a detailed Jupyter notebook# is attached to this thesis. All code
is available through the LNP repository on my Github account.

In study I, we use a similar approach to determine the optimal stim-
ulus required to elicit a forward OMR swimming response in larval
zebrafish (Figure 4, right panel). This approach yields a behavioral
triggered average (BTA) as has been used previously to map the re-
sponse of zebrafish to fluctuations in heat (Haesemeyer et al. 2015).
By presenting visual stimuli consisting of black and white bars of
randomly varying widths moving at different speeds in uniform for-
ward direction, we compute the BTA (see Figure 4) and show that
the optimal stimulus that will evoke the OMR consists of two fea-
tures: whole-field, global motion and a caudal to rostral light to dark
luminance transition crossing the larva’s head, which has not been
previously described in the literature.

1.1.4 Neural activity indicators

The classical approach and gold standard to determine neuronal
activity is electrophysiology. Whole-cell or cell-attached recordings
reveal detailed information about the activity of single neurons, while
microelectrode arrays can be used to record from a population in vivo.
However, using the latter method, it is hard to determine from which
neurons one recorded. If the cells share a similar spiking pattern, it
is hard to decode if the measured signal arises from one or multiple
sources.

To overcome this invasive method and to better resolve the activity
of many neurons recorded simultaneously, optical activity indicators
were developed (Tsien 1981; Williams et al. 1985). In particular, many
neuroscience labs have adopted functional imaging techniques that
report cell activity by measuring intracellular calcium levels. Calcium
levels change upon depolarization in a neuron by the release of internal
calcium storages, such as the endoplasmatic reticulum, or by influx via
calcium channels, such as NMDA or AMPA receptors®. Early attempts
used organic dyes to report calcium, such as Oregon Green BAPTA-1

4 A Jupyter notebook is a web-based platform to execute Python programming code
with rich-text annotations and inline plots.

5 The receptors are named according to their agonists: N-methyl-D-aspartate (NMDA)
and a-amino-3-hydroxy-5-methyl-4-isoxazolepropionic acid (AMPA)
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Figure 5: The linear-nonlinear Poisson process cascade. A stimulus is linearily
filtered using a weight vector or filter k. The filtered stimulus is
passed to a nonlinearity function, such as an exponential or a half-
squared rectification, yielding an instantenous firing rate. This is fed
into a stochastic Poisson process producing discrete spikes. Using
the spikes and the spike-inducing stimulus, reverse correlation or
spike-triggered average yields the linear filter k (if the nonlinearity
is not symmetric).
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a b C

calcium
ons

Figure 6: The GCaMP protein. a) The cartoon scheme of GCaMP. A circular-
permuted GFP contains an calmodulin (CaM) and an M13 domain
that are connected with linkers to the GFP barrel. Four calcium ions
can be bound to the CaM domain. Image taken from Akerboom et al.
2012. Reprinted with permission. b) A fluorescence trace (changed
fluorescence relative to baseline fluorescence) of GCaMP6s is shown
above a simultaneous electrophysiology trace of the very same cell.
Note the sharp onset and long decay of the calcium signal. c) the
average calcium response to a single action potential. b) and c) were
taken from T.-W. Chen et al. 2013. Reprinted with permission.

or Fura-4. It is, however, hard to translocate the dye into the cell.
Thus, most researchers use genetic encoded fluorescent proteins that
were genetically engineered to fluoresce relative to the cell’s voltage
or calcium levels (see Figure 6b). These indicators are mostly based
on green fluorescent protein (GFP) derivates that consist of one or
more GFP-like molecules. A very famous example is the GCaMP
family, originally developed by Nakai et al. 2001, that consists of a
circular-permuted GFP with a calcium sensitive domain based on
the M13 peptide and Calmodulin (see Looger and Griesbeck (2012)
and Rose et al. (2014) for review, see also Figure 6a). However, there
are also ratiometric calcium sensors based on the troponin C domain
of the toadfish, that uses two fluorescent proteins, cyan fluorescent
protein (CFP) and yellow fluorescent protein (YFP), that show a given
Forster resonance energy transfer (FRET) efficiency depending on the
ambient calcium levels (Thestrup et al. 2014). Due to the ease of use of
single fluorophore reporters, the GCaMP family is the major calcium
reporter used to date and was also utilized in our imaging experiments
(see study I and study I1).°

1.1.5 Fluorescent proteins

Fluorescent proteins are the basis of the aforementioned calcium
indicators and consist of a B-barrell structure with the fluorophore
being inside of the barrell. The fluorophore is a combination of three

I was involved in developing a new calcium indicator in collaboration with the
Griesbeck lab, which is still an ongoing project, and its description is beyond the
scope of this thesis.
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Figure 7: Light is scattered, reflected and absorbed depending on its wave-
length. Longer wavelengths are capable to penetrate tissue easier
with less reflectance, absorption and scattering than light with
shorter wavelengths.

amino acids that rearrange spontaneously and show distinct features
for excitation and emission. The most common fluorophore is the
enhanced green fluorescent protein (EGFP) and is nowadays widely
used to label transfected cells or to track proteins by fusing EGFP to
the N- or C-terminus of the protein of interest. EGFP is classically
excited using blue light with a peak around 488 nm. Emission is
generally shifted to longer wavelengths, and in case of EGFP, the
emission produces photons with a peak in the green spectrum. As
the most common GCaMP variants are based on EGFP, they are also
excited with blue light and emit green light.

However, high energetic blue light is prone to scatter when it in-
teracts with matter. When imaging deep into the brain, blue light
scatters and loses power in the focus. Interestingly, the longer the
wavelength, the deeper the penetration and the less scattering occurs
(Figure 7). When focusing on fluorescent proteins of other species than
the Aequorea victoria derived EGFP, new red-(emission-)shifted variants
were found, such as DsRed. Using several rounds of mutagenesis,
the original tetrameric protein was turned monomeric and several
variants with different excitation and emission spectra were found
(Shaner et al. 2004). One red-shifted variant from this study, mCherry?,
is nowadays widely used and very often combined with EGFP to
perform two color imaging. Further, due to the fact that the spectra
are red-shifted, mCherry performs better in deeper tissues than EGFP,
despite its lower overall brightness.

When looking at the fluorescent proteins known to date, there is an
abundance of green/yellow emitting fluorescent proteins, however, a
lack of bright far-red emitting fluorescent proteins, that are in partic-
ular useful to study deep brain regions (Figure 8). In this thesis, we
describe a collaboration effort where Arne Fabritius developed a new
far-red shifted protein named mCarmine that was evolved using an

7 the m in mCherry stands for monomeric
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Figure 8: Bright fluorescent proteins are accumulated in the green/yellow
emission spectrum. The brightest fluorescent proteins known are
mClover3 and mNeonGreen in the green, and tdTomato in the
yellow /red spectrum. mCarmine was evolved using a mNeptune
variant. Copyright to Kurt Thorn and Talley Lambert. Reprinted
with permission.

automatic screening platform and outperforms cyan light emitting
fluorescent proteins in larval zebrafish in vivo.

1.1.6  Expression of genes of interest

Tissue-specific promotors and /or enhancers allow specific expression
of genes of interest, such as the aforementioned GCaMP. In study II,
we utilize the carbonic anhydrase 8 (ca8) enhancer element to specifically
label Purkinje cells. In this case, Matsui et al. 2014 found that an only
253 bp long fragment upstream of the transcription start is needed to
specifically drive expression in Purkinje cells. In study III, we used
the elavl3 promotor, that drives expression specifically in neural tissue
(Park et al. 2000).

Ideally, scientists would like to target tissues or cell populations
specifically. However, sometimes little is known about the molecular
expression profiles of specific cell types. Strategies like enhancer trap-
ping were used to create transgenic species that label a specific tissue
without a priori knowledge of the existence and/or location of the
enhancer, for example valuable driver lines for granule cells (Takeuchi
et al. 2015) used in study IL

1.2 THE CEREBELLUM

The cerebellum, the Latin name of the orginally Greek term paren-
cephalis introduced already by Aristotle, is a small structure adja-
cent to the brain stem and the cerebrum (brain). In the 19th century,
Rolando discovered that a damaged cerebellum leads to impairment
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human mouse zebrafish

10" 107 10

Figure 9: The cerebellum is conserved across vertebrates. The whole brain is
shown in gray, the cerebellum is highlighted in purple. The number
of neurons in the cerebellum differ across species in orders of mag-
nitude: humans have around ten billion, mice around ten million
and larval zebrafish approximately tens of thousand neurons in the
cerebellum.

of motor function, pioneering the idea that the cerebellum is impor-
tant for proper motor behavior (the history of the cerebellum is nicely
reviewed by Coco and Perciavalle 2015). Later, it was related to coor-
dination and motor learning, as well as conditioning (Thompson 1986;
Thompson and Steinmetz 2009, for review). Conditioning is a form
of learning, where a neutral, i.e. conditioned, stimulus that typically
evokes no behavior, is paired with a behavior-inducing stimulus, called
the unconditioned response. The cerebellum mediates this learning by
bringing together both, sensory and motor information.

The main cell types of the cerebellum, namely granule cells and
Purkinje cells (as well as interneurons and neurons in the deep cere-
bellar nuclei) were already drawn and described by Ramon y Cajal
in the 19th century. Interestingly, the cerebellum is conserved across
vertebrates, including mice, birds and the larval zebrafish (Figure 9).

1.2.1  Circuitry

The same microcircuit is repeated as unit across the entire cerebellum
(Figure 10): Mossy fibers carrying sensory and motor signals from
several brain areas and the spinal cord, synapse onto granule cells.
Granule cells (as shown in Figure 11c) are excitatory, have three to five
claw-like dendritic arms and send long axons in the molecular layer
that form parallel fiber sheets. Purkinje cells reside with their soma in
a layer above the granule cells (Purkinje cell layer) and receive input
from various parallel fibers. Their elaborate planar dendritic tree is
arranged such that parallel fibers are orthogonal to the dendritic tree
plane (Figure 12¢). Purkinje cells are the sole output of the cerebellar
cortex, are GABAergic (inhibitory) and synapse on deep cerebellar
nuclei neurons (DCN). DCN axons leave the cerebellum. In addition,
the inferior olive, a structure outside of the cerebellum and located in

11
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Figure 10: The cerebellar circuitry in larval zebrafish. Adapted from Bae
et al. 2009 and Okamoto 2014. Note that a fraction of Purkinje
cell axons are also leaving the cerebellum (vestibular cerebellum).
Eurydendroid cells are in the same layer as Purkinje cells. Neurons
of the inferior olive are located outside of the cerebellum.

the brain stem, sends climbing fibers to Purkinje cells that wrap around
the main dendritic arbor. It is thought that the inferior olive sends
error signals and acts as a teaching signal to allow learning (Albus
1971; Marr David 1969). In larval zebrafish, we observe the same cell
types as in mammals (Bae et al. 2009), except that in zebrafish no DCN
exist, however, they have a homologous cell type termed eurydendroid
cell (EC) (Alonso et al. 1992; Meek et al. 1992). Further, no basket cells
have been described so far. Fortunately, we have a body of available
transgenic fish lines that are either enhancer trap drivers or direct
lines that selectively label specific cerebellar cell types (Matsui et al.
2014; Takeuchi et al. 2015).

1.2.2  Granule cells

Granule cells have been shown to be highly conserved across species,
including larval zebrafish (Knogler et al. 2017). We can utilize enhancer
trap lines that label a subset of granule cells (see Figure 11a) to study
granule cell function (Takeuchi et al. 2015). They have also three to
five claws where they receive dendritic input (Figure 11c). They send
long axons to the molecular layer in the cerebellum known as parallel
fibers, that contact Purkinje cell dendrites (Figure 11b). Already early
studies suggest that cerebellar learning can occur on the parallel
fiber - Purkinje cell synapse by using long-term depression (LTD), see
Suvrathan and Raymond 2018 for review. However, stimuli have to be
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Figure 11: Granule cells in larval zebrafish. a) a confocal maximum inten-
sity projection with a pan-neuronal pattern in red, and a large
population of granule cells in green (combination of many trans-
genic lines). Scale bar represents 100 pm. b) a single Purkinje cell
(labelled with Fyn-mClover3:PC, green) that spans its dendritic
tree to the parallel fiber layer (g5A2AzGFF152B;UAS:mCherry,
magenta). c) Examples of sparse labelled granule cells using elec-
troporation. Open arrowheads indicate dendritic claws, black ar-
rowheads indicate dendritic branches without claws, pound indi-
cates putative growth cone, and the truncated parallel fiber axons
for all cells are marked with asterisks. The scale bar represents
10 um. Data from (a) and (c) was taken from Knogler et al. 2017.
Reprinted with permission.

exactly timely locked that LTD and thus, learning occurs, otherwise
one can likely get long-term potentiation (LTP). Meek argued that
parallel fibers are parallel so that Purkinje cells can act as coincidence
detectors (Meek 1992). However, it is barely known what kind of
parallel fiber signals make downstream Purkinje cells spike.

13



14

Sole output of
cerebellar cortex

INTRODUCTION

1.2.3 Purkinje cells

Purkinje cells are the sole output of the cerebellar cortex. They are
known to be involved in mediating cerebellar learning via long-term
depression on the parallel-fiber-Purkinje-cell synapse and can shape
motor coordination (Bosch et al. 2015; Gallimore et al. 2018; Kono et al.
2018; Ransdell et al. 2017; Suvrathan and Raymond 2018). As shown
in Figure 10, Purkinje cells receive two major sources of input: granule
cell input via the parallel fibers and inferior olive input via climbing
fibers. These two inputs can be characterized in Purkinje cell activity:
Purkinje cells fire simple spikes intrinsically and in response to parallel
fiber input, or complex spikes due to climbing fiber activity (see Figure
12a). Interestingly, in mammals calcium imaging can separate simple
and complex spike activity depending on the signal location (Figure
12b): somata show most likely simple spikes, whereas dendrites show
complex spike activity (Ramirez and Stell 2016).

Purkinje cells are of inhibitory nature and can be selectively stained
using antibodies against Parvalbumin. Alternatively, they can be ge-
netically selectively labelled using for example the L2 or aldolase c
promotor. In mammals, we see interesting alternating patterns of al-
dolase c, also known as zebrin 1II, because it generates these beautiful
zebra-like patterns across the cerebellum (see Figure 12d). Interest-
ingly, Purkinje cells in larval zebrafish are all aldolase c/Zebrin 11+ (Bae
et al. 2009; Takeuchi et al. 2015), similar to other teleost fish, where
Purkinje cells are the only Zebrin II+ population (Meek et al. 1992).
Interestingly, a small enhancer fragment of the carbonic anhydrase 8
enhancer is capabable of driving Purkinje cell specific expression in
larval zebrafish (Matsui et al. 2014) and across species (Namikawa
et al. 2019). Interestingly, ca8 as well as aldolase c are members of the
glucose cycle, emphasizing the importance of energy production in
these highly active neurons. Further, Parvalbumin 77 (Parvy) has been
utilized to label Purkinje cells using immunohistochemistry to deter-
mine the average number of Purkinje cells in zebrafish at 7 dpf being
between roughly 180 and 350 (Hamling et al. 2015).

Using the tol2 transposon system (as introduced above) and a re-
porter, such as GFP, one can selectively image Purkinje cell mor-
phology and create stable transgenic fish lines labelling Purkinje
cells in vivo. For the work presented here, I was generating trans-
genic fish lines in order to characterize Purkinje cell morphology
and topography (see study II), selectively activate Purkinje cells using
channelrhodopsin (ChR), similar to Matsui et al. 2014, and red-activated
channelrhodopsin (ReaChR) (Lin et al. 2013), and functionally image
Purkinje cell activity using state-of-the-art genetically encoded calcium
indicators.

Similar to mammals, Purkinje cells in larval zebrafish are spon-
taneously active and receive input from granule cells and from the
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Figure 12: Purkinje cells have specific activity patterns, anatomy and molec-
ular identity. a) A loose-patch recording of a zebrafish Purkinje
cell (holds true for other model organisms as well). Data taken
from Knogler et al. 2019. b) Dendritic calcium responses are due
to complex spikes, whereas somatic calcium responses are due
to simple spikes, observed in a mammalian brain slice prepara-
tion. Taken from Ramirez and Stell 2016. ¢) Purkinje cells have
planar dendrites. They expand in one dimension, but are very
compact orthogonal to the other. Image taken from Piersol and
Dwight 1916. d) Zebrin divides the cerebellum in sagittal stripes.
Figure taken from Hawkes and Herrup 1995. Panels b) to d) were
reprinted with permission.
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Figure 13: Studies on Purkinje cells in larval zebrafish. a) Matsui et al. 2014
showed that the ca8 enhancer labels Purkinje cell specifically. b)
Hamling et al. 2015 quantified the number of Purkinje cells in
zebrafish. c) Hsieh et al. 2014 showed that Purkinje cell mature
with 5 dpf. d) Matsui et al. 2014 performed preliminary imaging
experiments showing a coarse OMR and OKR distribution across
the cerebellum. All panels were reprinted with permission.

inferior olive via climbing fibers (Hsieh et al. 2014; Sengupta and
Thirumalai 2015). Previously, it has been shown that larval zebrafish
Purkinje cells matured already at five dpf, only two days after they
were born (Hsieh et al. 2014). As well, it was shown that larval ze-
brafish Purkinje cells exhibit diverse activity patterns (Scalise et al.
2016). However, important anatomical features have not been investi-
gated yet, such as a comprehensive, high-quality single Purkinje cell
morphology and a topography analysis (see study II and Appendix).

Purkinje cells are also thought to be part of cerebellar internal mod-
els contributing to smooth behaviorals and motor learning (Wolpert et
al. 1995, 1998) and known to be involved in some variants of spinocere-
bellar ataxias (Matilla-Duenas et al. 2014; Meera et al. 2016). The
cerebellum is known to have a certain topography, such that vestibular
information is highly processed in the floccolus and lobules involved
in oculomotor behavior include lobule V, IV and VII (Voogd and
Barmack 2006). However, it is nearly impossible to map the whole
mammalian cerebellum due to its size and inaccessibility. Given the
unique conditions in larval zebrafish such as optical accessibility, we
were able to use whole-cerebellar population imaging to map visual
inputs and motor signals to the whole Purkinje cell layer (study II).
Using single-cell electrophysiological studies in combination with
functional calcium imaging, we could determine that Purkinje cell
calcium transients are due to both, complex spikes and simple spike
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bursts, and the spike type cannot be inferred from calcium traces
(study II).

We could show that Purkinje cells located caudal-laterally in the
cerebellum project outside of the cerebellum and respond almost exclu-
sively to optokinetic stimuli with complex spike transients, suggesting
that these cells resemble the zebrafish homologue of the flocculus.

1.2.4 Eurydendroid cells

The zebrafish homologue to mammalian DCN are eurydendroid cells
(Ikenaga et al. 2006). They reside in the same layer as Purkinje cells
and are similar in many ways. ECs also send their dendrites to the
molecular layer (see Figure 14a) and potentially get input from granule
cells (Ikenaga et al. 2006). This is different from the classical microcir-
cuitry and introduces new potential computational models. Previously
it was shown that ECs in zebrafish leave the cerebellum ipsilaterally
and contacts the optic tectum (Heap et al. 2013), however, with recent
data from Virginia Palieri we were able to label a supposely different
subtype of ECs that project contralaterally (data shown in Virginia’s
master thesis, not published, line used shown in Figure 14b).

Eurydendroid cells share, however, more features with their mam-
malian counterparts. They also are tonically active (observation by
Laura Knogler, not yet reported), and are aspartergic and glutamater-
gic (Ikenaga et al. 2005, and own data, see appendix). Interestingly,
ECs fall in at least two molecularily different groups: olig2+Calretinin-
and olig2-Calretinin+ (Bae et al. 2009; Biechl et al. 2016; McFarland et
al. 2008). The enhancer trap line we use in the lab hspzGFFgDMC156A
(Takeuchi et al. 2015) labels both EC populations, olig2+ and olig- (see
Figure 14c). We further developed an EC-optimized UAS:GCaMP6s
reporter line to functionally image EC populations using two-photon
and light-sheet calcium imaging.

1.2.5 Inferior olive

The inferior olive is part of the cerebellar circuitry and an important
signal source, however, the location of the inferior olive neuron somata
is outside of the cerebellum in the rhombencephalon. The inferior
olive neurons send long so-called climbing fibers to the cerebellum
that “climb up” the different cerebellar layers and wrap the Purkinje
cell dendrite. They form a very strong synaptic connection based on
voltage-gated calcium channels to the Purkinje cell dendrite, that lead
to an extraordinary large depolarization. This depolarization is known
as complex spikes, in contrast to simple spikes that are elicited by
granule cells (see Figure 12a).

The inferior olive is thought to be an error detector since the early
1970s (Ito 2013). According to this theory, inferior olive neurons only

17
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Figure 14: Eurydendroid cells are distinct from Purkinje cells. a) GFP+ eury-
dendroid cells do never overlap with Pvalb7+ Purkinje cells (top
panels from Bae et al. 2009, lower panels from Takeuchi et al. 2015).
Interestingly, eurydendroid cells extend their dendrites into the
molecular layer. b) Eurydendroid cells leave the cerebellum and
send their axon contralaterally to rostral circuits. c) Some eury-
dendroid cells in the line hspzGFFgDMC156A are oligz+. b) and
c) were taken from Takeuchi et al. 2015. All panels were reprinted
with permission.
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fire when an error occurs. The effect of which is to weaken the granule
cell - Purkinje cell synapse and to evoke learning. However, there is
an increasing body of evidence, that the inferior olive does not simply
function as an error detector, but rather has a specific role in timing
and shows predictive encoding. A recent review tries to unify all
experimental knowledge in one single hypothesis, termed “dynamic
encoding hypothesis” (Streng et al. 2018).

In study II, we elucidate how the inferior olive contributes to Purk-
inje cell activity observed by electrophysiology (Knogler et al. 2019,
see also Appendix) and functional calcium imaging (see the following
chapters).
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In this thesis we performed behavioral experiments, anatomical imag-
ing experiments, or functional imaging experiments together with
visual stimulation and behavioral recordings (see also Kist et al. 2017).
Transgenic fish lines were either stable lines (Fo offspring, F1+), such
as elavl3:GCaMP6s used in the first study and PC:GCaMP6s in the sec-
ond study, or transient lines (Fo generation, injected with constructs,
see below) to achieve single cell labelling as in the second study to
identify and image single cells.

2.1 FISH HUSBANDRY

Adult zebrafish fish were bred in house at the Max Planck Institute of
Neurobiology fish facility and kept at a 14/10 h day/night cycle. Six
to eight dpf larvae were used for either behavioral or imaging experi-
ments. For pure behavioral experiments we used Tiipfel-Longfin (TL)
wildtype fish. For imaging experiments, we used fish that have a
deficiency in the mitfa gene, responsible for forming melanophores
(Lister et al. 1999). These so-called nacre fish lack dark pigments and
are very well suited for in vivo imaging purposes. For imaging experi-
ments in study I, we used a transgenic line that expresses GCaMP6s
under the pan-neuronal elavl3 promoter (Kim et al. 2017). For imag-
ing experiments in study II, we expressed GCaMPé6s using the ca8
enhancer (PC:GCaMP6s) in Purkinje cells, or used the enhancer trap
line gSA2AzGFF152B (Takeuchi et al. 2015) to drive UAS:GCaMP6s in
granule cells. For single Purkinje cell labelling, we used aldoca:gap43-
mCherry fish (Takeuchi et al. 2015) as a reference for morphing z
stacks to each other. For behavioral optogenetics experiments, we used
ChR2-Venus:PC:R-GECO1 fish (Matsui et al. 2014). For evaluation of
mCarmine, we used elavl3:Galy fish (Kimura et al. 2008). For count-
ing Purkinje cells, we used PC:NLS-GCaMP6s. All experiments were
approved by the Regierung von Oberbayern via TVA 55-2-1-54-2532-
82-2016.

2.2 CREATING TRANSGENIC LINES

Cloning

The common strategy across cloning attempts is to linearize the de-
sired backbone by restriction enzyme digestion because linearization
via polymerase chain reaction (PCR) is either non feasible due to
huge plasmid sizes (around 16 kb), AT-rich streches or repetitive se-
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quences. Inserts are prepared using PCR on either plasmid backbones
provided by Addgene or the Baier lab or commercially synthetized
desoxyribonucleic acid (DNA) sequences. Final constructs were assem-
blied in a one-pot-reaction via either Gibson assembly (Gibson et al.
2009), NEBuilder or most commonly SLiCE (Zhang et al. 2012). PCR,
gel purification and construct assemblies were performed according
to the manufacturer’s recommendations with slight variations. The
cloning strategy as well as a protocol is located in the Appendix. An
example to clone EGFP in the ca8 enhancer plasmid is shown in Figure
7. For convenience, we termed all constructs and fish using the ca8
enhancer “PC”. For example, if Fyn-tagRFP and Cre are inserted in the
left and the right cassette, respectively, the construct or fish would be
called Fyn-tagRFP:PC:Cre. An example cloning protocol for creating
the construct PC:EGFP is shown in Figure 15.

Assembly mixes were transformed in chemically competent bacteria
based on the DHsa strain. We made our own competent bacteria
using either the Zymo Mix&Go kit or using TSS buffer (see protocol
in Appendix, similar to the original publication of Chung et al. 1989),
both with equally good performance. Usually, 100 ul bacteria were
transformed with one to two ul of assembly mix, incubated on ice for
around 30 minutes and heat-shocked at 42°C for 30 seconds. After a
short incubation on ice (typically less than five minutes), bacteria were
plated on pre-warmed LB plates containing 1:1000 Ampicillin (plates
acquired from the central media service).

Colony PCR

The colony PCR protocol was improved for maximum efficiency and
reduced costs. A protocol is in the Appendix. Briefly, a mastermix
containing the 2x OneTaq MasterMix with Standard buffer from New
England biolabs (NEB), forward and reverse primer and water was
aliquotted in 15 ul reactions. Colonies were picked using a fresh filter
tip, spread on a fresh plate and the tip was subsequently added to the
PCR mix well. After a short incubation, tips were removed and the
PCR tubes moved to a thermocycler. Optimal performance have been
observed when initial denaturation was three to five minutes.

Positive clones were inoculated in terrific broth (TB) medium (Carl
Roth, X972.1) supplemented with Ampicillin (100 mg/ml, Carl Roth,
Ko29) in a ratio of 1:1000 for a final concentration of 100 yg/ml and
grown overnight at 37°C while shaking.

Plasmid preparation

2 mL of overnight culture was spun down in 2 mL microfuge tubes
and plasmid DNA was purified using plasmid extraction kits from
Machery Nagel (NucleoSpin). Kits were used according to the manu-
facturer’s instructions. Plasmid was eluted normally in RN Ase and
DNase-free water. Plasmids for long-term storage or gained from
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Figure 15: Cloning of EGFP in the PC enhancer plasmid using homology-
dependent cloning, such as SLiCE. Flanking DNA sequences are
color coded according to the plasmid or the PCR product above.
In brief, the 5" sequence should have a 20-30 bp homology to the
E1b promotor, as well as the EcoRI restriction site and a Kozak
sequence (gccaccATGG), where ATGG are the first 4 bases of
the protein of interest, here EGFP. The 3’ end should have the
UAAA stop codon, which is known to efficiently stop translation
and boost expression in vivo. Further, the Xbal restriction site
and the 20 bp homology to the Ty promotor adjacent to the p-
Globin intron should be included. For injection, a mix of Phenol
red, DNA and optional tol2 mRNA and water is injected in the
one-cell stage of freshly laid eggs. At 3-4 dpf one can screen for
fluorescence, e.g. the cloned EGFP. If tol2 mRNA was added, one
would expect a comprehensive pattern, without tol2 mRNA the
labelling efficiency is low, thus getting sparse labelling. The fish
injected with construct and fol2 mRNA can be raised and the
offspring screened for fluorescence ending in a stable transgenic
fish line. (*): we have plasmids that contain already Fyn-tagRFP
or Fyn-mClover3 here. A list of available constructs is in the
Appendix.
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Midi Preps (Machery Nagel or Zymo) were typically stored in Tris-
EDTA (TE) buffer.

Casg protein preparation

For CRISPR/Casg experiments, we subcloned NLS-Casg-NLS* as pub-
lished by Hruscha et al. 2013 in pCoofy4 (Scholz et al. 2013) to be
expressed by the Max Planck Institute of Biochemistry protein core
facility. Purified Casg protein was mixed with sgRNA prepared either
with direct in vitro transcription from oligos or directly ordered from
IDT.

tol2 mRNA preparation

A detailed protocol to create tol2 mRNA is attached in the Appendix.
Briefly, the open reading frame (ORF) of tol2 was cloned into a plasmid
adjacent to a SP6 promotor for in vitro transcription. Using the Ambion
SP6 mMessage mMachine kit, the mRNA is transcribed from that
linearized plasmid. Further modifications, such as capping and poly-
adenylation, are performed to achieve a high quality mRNA. RNA
is precipitated using Lithium chloride (LiCl) overnight at -80°C and
then eluted in RNase and DNase free high pure water. Concentration
is adjusted to 175 ng/ul and aliquotted in PCR tubes (4 ul each) and
stored at -20 °C until further use.

Injection

Constructs for direct drivers were injected in an incross of nacre or
casper fish, whereas Galg and UAS constructs were injected in an out-
cross of the desired UAS or Galg line and nacre or casper, respectively.
Fish were setup in mating boxes with separator. In the morning of
the next day, the divider was lifted and fish mated. Laid eggs were
immediately collected and injected during the single cell state using
a picospritzer (see Figure 15, bottom panel). The injection mix con-
sists of tol2 mRNA (around 25 ng/ul), plasmid DNA (less or equal
concentration as fol2 mRNA) and phenol red (1:10 dilution). Injection
volume was estimated by eye to be around 1 nL. Injected eggs were
kept in Danieau solution and cleaned once a day. Depending on the
driver line, successful integration was screened using fluorescence
between one (e.g. olig2:KalTA4 and elavl3) or three to four dpf (e.g.
bleeding heart transgenesis marker or ca8 enhancer). Sparse labelling
for optogenetics, electrophysiology or anatomical characterization was
performed by omitting tol2 mRNA (see Figure 15).

1 nuclear localization signal (NLS)



2.3 PREPARATION

eyes are able
to rotate

tail is free to move

Figure 16: Preparation of larval zebrafish for head-restrained experiments.
The fish is completely immobilized in low-melting point agarose.
After the agarose set, the agarose around the eyes and the tail is
removed, so fish are able to move their eyes and tail.

2.3 PREPARATION

We embedded six to eight day old larval zebrafish in low-melting
point agarose (Thermo Scientific, Invitrogen UltraPure #16520050)
dissolved in fish water. The tail (and depending on the experiment,
the eyes as well) is freed and the head and trunk stay restrained
in agarose (see Figure 16). We use 35 mm dishes (Falcon, #353001)
for behavioral and two-photon experiments, and a micro knife (Fine
Science Tools, #10315-12) for preparation. For light-sheet experiments,
I developed a custom light-sheet chamber optimized for behavior
tracking, stimulus presentation, illumination and imaging. A detailed
document is appended to this thesis.

2.4 BEHAVIORAL EXPERIMENTS

In this thesis, larval zebrafish behavior was assessed using head-
restrained larval zebrafish as described in 2.3. The behavioral setup
consists of two parts, hard- and software. In general, I refer to the
hardware as the behavioral setup.

2.4.1  Behavioral setup

The behavioral setup (Figure 17) itself resides on an aluminium bread-
board attached to isolators (Thorlabs). On the breadboard, we mounted
a stage from laser-cut acrylic to position the embedded fish, i.e. the
petri dish. On the stage, we added a screen based on white paper or
opaque foil to project a stimulus pattern from below. For stimulus
presentation, we used a commercially available projector, such as the
ASUS P3E. We used a cold mirror to place the projector horizontally on
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Figure 17: Schematic of the behavioral setup. A forward moving binary
grating is presented from below to a head-restrained, tail-freed
zebrafish larva. The visual stimulus, i.e. grating, is generated in
1D (x, blue rectangle) and stretched in y.

the breadboard and to allow simultaneously infra-red (IR) illumination
from below.

The IR illumination was custom-made based on a high-power light
emitting diode (LED) (e.g. OSRAM Black series, peak wavelength
around 830 - 850 nm), pre-mounted on a star plate. The star plate was
attached to an SM1 cap using thermal pads. Two holes were drilled to
allow two cables passing through the cap from behind. The cables were
soldered on the plus and minus pads as indicated on the star plate.
These cables were connected to a buck pack (e.g. RCD-24-1.00/W/X3)
that allows a constant current supply (recommended for high-power
leds). The voltage applied to the LED is automatically regulated by
the buck pack. We further connected the buck pack to a power supply
that supplies around 12 V (such as Voltcraft ESPS-1500).

The illuminated fish was tracked using a high-speed camera (AVT
Pike, XIMEA MQoo3MG-CM, XIMEA MQo13RG-ON, or PointGrey
BlackFly S BFS-U3-0452M-CS) mounted on an optical rail (Thorlabs)
using custom-made holders (Max-Planck workshop) and connected
either with FireWire (AVT Pike) or USB3 (XIMEA and PointGrey
models) to the computer. The camera speed was between 200 and 450
frames per second with 8 bit and VGA resolution (usually 640x480,
720x540 for PointGrey models). The camera was equipped with a
Navitar tele-objective (TC.5028, Hinze Optoelectronics, Hamburg).

To avoid the stimulus bleed-through to the camera, we used IR
long-pass filters (#66-106, Edmund Optics). A commercially available
computer (Intel i5 family recommended) is sufficient for operating
the closed-loop stimulus and online tracking of the fish’s behavior; a
special arrangement of petri dishes allows two fish being assessed on
the same setup with one computer connected to two cameras.
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Figure 18: DMD-based optogenetic stimulation setup. The illumination light
(blue) is generated by an LED. Light, that hit mirrors oriented into
the active light path, is reflected that it can pass the collimating
lens, is reflected by two mirrors that adjust the beam, and is
focused by the tube lens. The tube lens images the DMD on
the back aperture of the objective. The fluorescent sample emits
green light that is collected by the objective and reflected by a
500 nm short pass dichroic. A lens coupled with an IR blocking
filter focuses the light on a camera chip. The fish is tracked from
below using a high-speed camera equipped with a macro lens. A
projector provides visual stimulation from below.

2.4.2  DMD-based optogenetic stimuluation

To show an image on an liquid crystal display, pixels are set to a
value between o (off) and 255 (max intensity). Depending on the pixel
value, a different amount of light passes through an opaque layer. This
happens three times, once per color (RGB?), and then forms a colorful
image. In a commercial digital light processing (DLP) projector, a
similar procedure is used. Instead of liquid crystals, a mirror assembly
is used. For each pixel, a single mirror can be instructed to move out
(0) or completely into the light path (255). Intermediate intensities can
be achieved by only slightly moving the mirror into the light path
(1-254). A device using this kind of mirror matrix is called digital
micromirror device (DMD).

2 three main colors used in additive mixing, red, blue and green (RGB)
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We utilized an evaluation DLP projector (Texas Instruments LightCrafter
4500) with blue, green and red LEDs - as shown in the top left and top
right in figure 18 - loosely based on a previously described protocol
(Zhu et al. 2012). We removed the original, diverging lens array and
replaced it by a collimating convex lens (Thorlabs). By coupling it
with another lens, we imaged the DMD chip on the back aperture
of a 20x water immersion objective (Leica HCX APO L U-V-], o.5
numerical aperture (NA)). For alignment, we used a special slide that
emits green fluorescences upon blue illumination (Thorlabs, FSK2).
For fluorescence microscopy, we used the blue LED for illumination
and collected the green fluorescence using a 500 nm dichroic mirror
and focused the light on a XIMEA camera.

DMD repository To interface the DMD, I programmed a software based on Python
and the dlpc350 library. This program is available through the Por-
tugues lab Github account. For aligning the DMD with the camera,
we moved a rectangle region of interest (ROI) over the camera field of
view and used three positions at the corner of the field of view. Using
the center of mass of both, the rectangles shown on the DMD and the
rectangles on the camera image, we calculated an affine transforma-
tion matrix. This transformation matrix is stored and used for optical
stimulation.

Optical stimulation pattern can be arbitrarily defined using custom
polygonal ROIs on the camera live image (Figure 19). These ROIs
are stored as separate illumination files for further use. During a be-
havioral experiment, these patterns are used to optically stimulate
Purkinje cells during a specific stimulus or behavior. To drive Channel-
rhodopsin, we used the blue and green LED together with a 488/10
band-pass filter.

Visual stimulation for behavioral experiments is projected from
below using commercially available projectors (see Behavioral setup sec-
tion). Behavior tracking was implemented from below in combination
with an IR illumination from above.

2.4.3 Software

Visual stimulation and behavioral tracking is based on custom written
software in Python 3.6, and uses the numpy, PyQt4/5, pyqtgraph and
OpenCV library. The interface as shown in Figure 20 consists of a
graph depicting the tail trace, the tail vigor, the speed of the visual
stimulus, and, depending on the experiment, the eye trace. Further, a
live image of the fish and tracking is presented. A textbox logging all
events is available in the bottom right and stored as text file after the
experiment.

Classically, each experiment saves an image of the fish, the data
collected during the experiment, such as time, tail trace, vigor, speed
of the grating, conditions of the experiment and trial number, as csv
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Figure 19: Stimulation specificty with ROIs drawn on the live camera top
view. The field of view of the camera is depicted on the left (black
rectangle on the larva and zoom-in). The DMD chip covers the
camera’s whole field of view. ROIs can be selected dynamically.
ROIs can have arbitrary shapes (as shown on the right). Purkinje
cell fluorescence is reliably restricted by the ROI selection pattern.

(comma separated values) or npy (pickled numpy array), and a log
file containing relevant information regarding the experiment. Further,
tail trunk and tail tip positions used for tail tracking are saved.
Visual stimuli are presented using an OpenCV or Qt widget. The
visual stimulus is updated at 60 Hz, matching the refresh rate of the
projector. For most behavioral experiments, binary gratings with a
period (one black and white bar) of 10 mm were used. If not stated
otherwise, forward speed of the grating was 10 mm/s. For closed loop
experiments (the stimulus reacts on the fish’s behavior, Figure 17), the
following formula for visual feed-back calculation was used:

S=85)— A%V

where s is the corrected speed of the grating, sg is the maximum
speed of the grating, v the vigor of the fish, that is the standard
deviation of a 50 ms rolling buffer of the tail trace, and « the strength
of the fish. For a=0, the stimulus runs in open loop. « is typically set to
a value, that s during swimming reaches around -20 mm/s (Portugues
and Engert 2011).
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Figure 20: Software to operate behavioral rigs. A screenshot of the graphical

user interface showing the online behavior tracking and stimulus
features, and metadata, such as frames per second (fps)

Tail tracing

Tail tracing was performed as previously described (Portugues and En-
gert 2011), re-implemented from LabVIEW in Python. Briefly, the tail
trunk and the tail tip are either manually by clicking or automatically
defined. The latter can be implemented using a multilayer perceptron
(based on the seminal work of Rosenblatt 1961) as explained in detail
in the Appendix and shown in Figure 21.

The two points between tail trunk and tail tip define the length of
the tail L. The length L is divided in 10 segments. For the first segment,
an arc of -9o° to 9o° where 0° pointing towards the tail tip is drawn,
and an intensity profile I is determined. As the tail is dark on a bright
background, the minimum is determined:3

B = argmin 1(p)

Iteratively, for each subsequent tail segment, another -9o° to 9o° arc
is drawn. The 180° arc is relatively set depending on the angle § of the
previous segment to allow the algorithm to follow the tail cuverture
(Figure 22). The tail sum T is the cumulative sum of all angles :

For a given bout, the tail oscillates around the resting position (see
Figure 22 for resting position and deflection).

3 In some cases the fish is bright on dark background, for example in light-sheet or
2-photon microscopy, then the image is inverted.
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Figure 21: Determination of head, tail trunk and tail tip via a multilayer per-
ceptron. First, features were annotated for 405 fish using log-files
of previous experiments. Second, a library was constructed of
8ox8o px segments. Third, a multilayer perceptron with 32 units
in the first hidden layer with rectifier linear unit (ReLU) activation
and a four units in the output layer with a softmax activation func-
tion performed very well. Fourth, for a given image the feature
probabilty can be estimated. The peak probability is indicated by
a blue circle. Fifth, the feature positions were initialized automat-
ically by the multilayer perceptron for downstream tail and eye
tracings.
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Figure 22: Tail tracking procedure. Tail is indexed using a manually or auto-
matically chosen label for trunk and tail tip (indicated by green
and blue circles). Here, the algorithm divides the tail in ten equally
spaced segments and iteratively approaches the tail tip by finding
the minimum of the intensity profile of a half circle drawn at every
segment. The minimum of a circle (indicated by a red dot) is the
current segment angle and the seeding angle for the next segment,
that allows us to calculate the tail curvature (compare left and
right example).

Eye tracing

Eyes are tracked using established methods. In very high (signal to
noise ratio (SNR)) scenarios, the tracking algorithm is as follows (and
shown in Figure 23):

1. The image is thresholded to extract bright eyes from a dark back-
ground (note this is inverted in Figure 23 for display purposes)

2. The two largest contours in the thresholded image are identified.
The image can be cropped to the head position using template
matching, a neural network (Figure 21) or manual selection. The
initial sorting is according to size and not to their spatial location,
thus, the contours are sorted spatially to ensure eye identity.

3. Ellipses are fit to the sorted contours

4. The rotation angle of the ellipse’s major axis (or vertex) in respect
to the body axis of the fish is determined.

An example eye tracing code is located in the Appendix. For com-
plex offline tracking scenarios with low quality eye recordings, an
interactive Jupyter notebook is available to test different algorithms,
for example for local, i.e. adaptive, thresholding. I could apply local
thresholding with further post-processing successfully to a behav-
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thresholding
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Figure 23: Eye tracking. For fast image processing, we crop the full image to
the immediate surrounding of the eyes. The image is first globally
thresholded. Then, contours are found (blue and green for left and
right eye, respectively). For each contour, an ellipse is fitted and
the rotation angle (¢, and ¢r) will be determined. Depending on
the implementation, we correct the angle such that positive values
are nasal and negative values are temporal.

ioral dataset* with very low quality recordings that had a very dim
illumination and poor contrast.

Recently, we created an effort to standardize the behavioral tracking
and the stimulus presentation in a software termed stytra, that is
publicly available via Github and currently in revision, but available
as preprint (Stih et al. 2018).5

Stimuli sets

For the first study, the visual stimulus consisted of random binary,
i.e. black and white, bars of given sizes (0.5 mm, 2.5 mm, 5 mm and
10 mm). The stimuli were presented at different speeds (5, 10, 15
and 20 mm/s). Stimuli were generated by choosing white and black
bars from a uniform distribution to ensure on average even gray. For
experiments that probed the filter dependence on white-to-black bar
ratio, we changed the threshold such that we ensure on average 25,
50 or 75% white bars (i.e. a 1:3, 1:1 and 3:1 white to black bar ratio).
The stimulus presentation was updated at 60 Hz (projector in-built
refreshing rate). The stimulus scene was a square window that was
centered on the fish’s head and spans 30 mm in each cardinal direction.

For behavioral experiments, the fish experiences three different con-
ditions: open loop (no visual feedback), closed loop (visual feedback)
and replay. In study I, the first experiments that determined the BTA
and its dependency on parameters where performed in closed loop.
Later, the BTA (also refered to as filter) was replayed to head-restrained
larvae (the total 6 s in open loop). As a control we shuffled the pixel
values to disrupt the spatial correlation by keeping the same overall

Martinsried two-photon experiments of inferior olive activity during sensorimotor
control

stytra is a visual stimulation and behavior tracking tool developed by Vilim Stih and
Luigi Petrucco with my input
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luminance. We also used the intensity profile on bout start of the filter,
stretched this in 2D and then presented this in whole-field motion
ensuring that filter replay and whole-field motion filter were probed
the same amount of times. These stimuli are embedded in the linked
movie. The imaging experiment visual stimuli were shown in open
loop.

For Purkinje cell imaging experiments, we showed the fish a battery
of different stimuli including translational and rotational gratings that
induce robustly OMR and OKR, respectively, as well as whole-field
flashes of different luminance. The experiments were performed in
open loop. The exact sequence of stimuli and durations are located
in the Appendix (condensed format) and are available as an Excel
spreadsheet.

2.5 IMAGING

In the presented studies we use either a confocal microscope® for
anatomical imaging studies or a custom built two-photon microscope
(Denk et al. 1990; Tsai and Kleinfeld 2009) for functional imaging stud-
ies (see Figure 24). We also could show that a custom-built light-sheet
microscope has comparable signals when testing the same fish with
both imaging modalities (Kist et al. 2017). However, in one-photon
light-sheet microscopy blue light is needed to excite GCaMP and mon-
itor neural activity, which can potentially interfere with behavior, as
blue light is known to be adversive to fish (Guggiana-Nilo and Engert
2016; Villamizar et al. 2014). We thus used two-photon microscopy for
our functional imaging experiments since the imaging laser is in the
infrared spectrum (tuned to go5 nm for our imaging experiments) and
invisible to the fish.

We monitored neural activity at a framerate of around 3-10 Hz,
depending on the behavioral paradigm and the field of view being
imaged. The tail and eyes were monitored at approximately 150 to 200
Hz using an IR illumination from the side for the tail and through the
objective for the eyes (see Figure 24). Code for tracking both, tails and
eyes, as well as stimulus presentation, were implemented in custom
written software in Python similar to the behavioral rig software. Stim-
uli were triggered by the imaging system using a transistor-transistor
logic (TTL) pulse via a LabVIEW-Python bridge?. Code for tail and eye
tracking is attached to this thesis and available through Github and
stytra.

6 Zeiss LSM7oo0 or Leica SP8, available through imaging core facility
7 known as the anki listener vi, that writes a file to the listener folder upon receiving a
TTL pulse.
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Figure 24: Custom built two-photon microscope. a) Schema of the lab two-

photon microscope. Note that there are IR LED paths to illuminate
the sample, i.e. the fish, decently to allow tail and eye tracking.
The latter is achieved by illuminating the head through the objec-
tive. Visual stimuli are shown using a commercial projector from
below. Behavior is also tracked from below. We imaged using a
pulsed IR Ti:Sapphire laser that was tuned to go5 nm. Images
were acquired using scanning with 2D galvos. b) Photograph of
two-photon microscope with partial annotation of important el-
ements as depicted in a). Light paths are colored according to
the approximate wavelength (IR is colored reddish). Lenses are
indicated with semi-transparent blue shapes. Mirrors or filters are
indicated by grayish lines.
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Figure 25: Behavioral triggered average. Visual stimulus is normally 2D,
however, the information of x is repeated in y, thus, we reduce
the stimulus to 1D and use time as the second dimension. This
shows the visual stimulus over time relative to the fish (fish is
not to scale). It moves forward in time, potentially evoking OMR.
After the experiment, we compute the visual stimulus patterns
triggered on bout start with an interval of & 2 s.

2.6 DATA ANALYSIS

Data analysis was performed using Python 3.6 using the Anaconda
environment. Packages used to analyze and handle the data include
numpy, scipy, pandas, scikit-learn, scikit-image, deepdish, multipro-
cessing, Keras, OpenCV, gspread, and glob. Data shown in this thesis
are plotted using matplotlib and seaborn. Single cell neurons were
traced using NeuTube. Figure arrangement and image postprocessing
was performed using Adobe Illustrator and Photoshop CSs.

2.6.1 Behavioral data

Behavioral data was acquired using custom written software in Python
(see 2.4.3). Next to the time stamps for each camera frame, we saved
relevant behavioral data such as cumulative tail angle, vigor, grating
speed and position of the grating. To identify bouts, we set a threshold
vigor to identify swimming (above threshold) and resting (below
threshold) periods. Next, by taking the difference of the trace in
time, we identify bout starts (1) and bout ends (-1). Using bout starts
and bout ends, we compute the mean bout duration (i.e. swimming
time) and the mean interbout duration (time between two consecutive
bouts).

Behavioral-triggered average (BTA)

In the first study, we computed the stimulus history for each bout start,
in other words, performing reverse correlation to determine which
stimulus was leading to a bout (see also Figure 4 and 25). Empirically,
we found that a history of two seconds is sufficient. We were also
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identifying a two seconds window into the future, to investigate if
the mean stimulus showed some structure after bout start. Every
bout longer than 150 ms was considered as a proper bout and was
included in the analysis, to avoid contamination with struggles and
escapes. We reduced the stimulus dimensionality to 1D, because the
stimulus is only unique in one dimension (rostral to caudal), and
stretched in the other (left to right). We generated stimulus patterns
using spatio-temporal stimuli with two dimensions: space (1D as
described before) and time. We calculated the behavioral triggered
average (BTA) by averaging all generated patterns across bouts, and
then across individual fish, analogous to the spike-triggered average
as introduced before (Schwartz et al. 2006):

BTA = - Ly
R

Where N is the number of total fish, n; the number of bout starts and
§; the spatio-temporal stimulus with a history of one to two seconds.

To extract the grating directly from the camera image, we took a
background image without presenting any stimulus. We focused on
a part close to the border of the image to avoid contamination with
behavior and background subtracted every camera image with the
background image. We subsequently applied a threshold to this image
to gain binary bars. The eye of the fish was always centered on the
center of the camera chip (XIMEA MGo022RG-CM).

Nonlinearities were determined using the binned dot product of the
BTA with the stimulus over time (Schwartz et al. 2006). The nonlin-

earity is the ratio between stimuli in each bin at bout triggered events
and occurrences of all stimuli in that bin.

Behavioral-triggered covariance analysis (BTC)

Similar to the spike triggered covariance (Schwartz et al. 2006), the
behavioral triggered covariance is calculated using the following for-
mula:

n
BTC = Y (5 — BTA)(S; — BTA)"
Mpouts — 1 i

We pooled all bouts from all fish together (N=52 fish) and subtracted
the overall mean (i.e. the behavioral triggered average, BTA) of the
whole dataset. We retrieved the eigenvalues and eigenvectors using
singular-value decomposition of the BTC matrix using the scipy’s
implementation of the LAPACK SVD solver.

Generalized Linearized Model (GLM)

We fitted a generalized linear model (GLM) similar to the one described
in (Haesemeyer et al. 2015). We fitted the following equation by min-
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imizing the negative log likelihood. The input to the model is the
grating history leading to a bout x;. The model tries to predict the
labels given the features, i.e. binary bout starts (o no bout start, 1 bout
start). We used 60 Hz as time basis.

S e ,
ming,prc ) L(yi o+ BT + A[0.5(1 — a)][|BlI; + alIBll;
i=1

We set & = o, thus neglecting L; regularization, because the model
does not converge otherwise. The model with best performance as
determined by receiver operating characteristic (ROC) analysis had a
A= 0.088. We used the pyglmnet package for fitting the data. Data was
fitted on an 80% fraction of total bouts and model performance was
evaluated for the whole data set of a given fish. To evaluate model
performance we performed bootstrapping by shuffling the labels and
determines true and false positive and negative rates. We shuffled 100
times and present the average with standard deviation across shuffles.

2.6.2 Imaging data

Imaging data was acquired using custom-written LabVIEW programs
and stored as chunked, uncompressed Tagged Image File Format (TIFF)
files. For further processing, TIFF files were combined, compressed
and stored in HDF5® file format to achieve a single file per trial and
plane. The deepdish library was used to interface PyTables and to load
and save HDF5 files. An easy way to visualize compressed HDF5 files
is to use the hsviewer (private repository on the Portugues lab Github
account). It features not only HDFs files, but also Nearly Raw Raster
Data (NRRD)? and TIFF files, works with Drag&Drop, accepts pasting
from clipboard and has easy shortcuts to invert a stack or image or to
create maximum intensity or sum projection across z or time.

2.6.2.1 Deinterlacing

The two-photon microscope creates an interlacing artifact by scanning
the laser beam back and forth. Further, due to the optical properties of
scan lens and tube lens, that are just achromatic doublets with no theta
correction, the beam wavefront cuvature is bent causing non-linear
abberations in the far field of view. To compensate for these artifacts,
we estimate a non-linear transformation matrix of each half-image,

HDFj5 is a hierarchical data format that efficiently stores large amounts of data and
widely supported by many software platforms, such as Java, Matlab, Python, R and
Julia.

9 NRRD files are multidimensional files similar to TIFF files, can be, however, much

better compressed, have richer metadata, and are usually used when working with
CMTK.
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Figure 26: Deinterlacing procedure. The galvo mirros scan the laser beam
back and forth over the whole image plane in multiples of the
eight line scheme. Without deinterlacing, there are image artifacts
visible (black arrow heads). After deinterlacing, nuclei look nicely
round.

that has an offset of four lines to each other (see Figure 26). The non-
linear affine transformation is estimated across the stack and applied
to each acquired frame.

2.6.2.2  Registration

Individual frames are registered either to the mean of the stack or  in plane
the first ten frames, depending on the experiment. Registering is
performed using the cross-correlation in the fourier domain of the
image (Guizar-Sicairos et al. 2008). For sub-pixel precision, the discrete
fourier transformation is upsampled in a small neighbourhood. An
rigid transformation is applied to shift the target image to the reference
image using the functions shipped with scipy or skimage.
After registering the stack for each trial or plane, the stack is regis-  across planes
tered across trials and planes from the center to the dorsal and ventral
planes of the acquired stack.

2.6.2.3 Anatomy-based segmentation

Anatomical segmentation was performed on datasets that were ac-
quired in fish where the calcium indicator was restricted to the nucleus
of the neuron via an H2B' or an NLS tag (see Figure 26 as example).
For segmentation we used the template matching algorithm imple-
mented in scikit-image. Using empirical studies, we saw that either
a random nucleus or a gaussian is efficient in detection of nuclei.
The template matching algorithm returns a correlation map between
the template (i.e. random cell or gaussian) and the image anatomy
stack. Here, it is important to note that the standard deviation across
imaging frames instead of the sum projection gave rise to a higher
sensitivity of event detection.
A 2D version of that algorithm was implemented in the data analysis ~ Braunschweig

pipeline in a collaboration with Reinhard Koster and Jakob von Trotha

10 H2B is a histone, part of the DNA packaging machinery.
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at the TU Braunschweig for light-sheet imaging analysis. A 3D version
was used to count Purkinje cells in a confocal dataset (see Figure 52
and Knogler et al. 2019) and to segment Purkinje cells in a two-photon
imaging dataset focusing on the role of Purkinje cells during closed
and open loop (data not shown).

2.6.2.4 Correlation-based segmentation

Correlation-based segmentation was performed as introduced in Por-
tugues et al. 2014 and explained in depth in Michael B. Orger and
Portugues 2016. Briefly, for each imaged plane, i.e. an image stack
of time x width x height, every spatial pixel is correlated with the
summed activity of 5x5 neighbouring pixels. This results in a correla-
tion map that is used to find seeds for the ROI growing algorithm.

ROIs are grown by iteratively adding neighbouring pixels that
correlate highly with the seed pixel. Other implementations, however,
use the correlation of the new neighbour pixel with the mean of all
already added pixels to the ROL If a neighbouring pixel exceeds a
given euclidean distance to the seed pixel or its correlation value with
the seed pixel is below a pre-defined threshold, the ROI growing
routine is finished. Next, a new seed pixel is selected and fed into
the ROI growing routine. This process continues until the seeding
correlation is below a given threshold or a maximum number of seeds
are drawn from a given stack.

Algorithms are implemented in Python using mainly numpy and
numba, and perform well in a multi-threaded environment using the
threading library.

2.6.2.5 Extracting activity from calcium signals

Neural activity was determined either with 4F or using normalized,
i.e. z-scored activity F, where F is the mean fluorescence over time,
and o denotes the standard deviation of the fluorescence over time:

AF  F-F
F K
. F-TF
F =

OF

2.6.2.6 Clustering

The scikit-learn implementation of the k-means algorithm was used
to cluster activity traces in an unsupervised manner. The number of
clusters were determined empirically.

2.6.2.7 Regression

To determine if neurons are specifically coding for sensory stimuli
and/or behavioral components, we built regressors that would re-
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semble an ideal neural activity. Because neural activity is acquired
as a transient fluorescence signal related to calcium, we convolve the
regressor with the calcium kernel. The calcium kernel describes the
risetime and decay time of the fluorescence signal upon an action po-
tential. We assume an infinitely fast rising time and a one-exponential
decay for the dissociation of calcium and the calcium sensor (as de-
scribed previously in Akerboom et al. 2012; T.-W. Chen et al. 2013).
The following equation explains the mathematical procedure:

R(t) = r(t) % k(t),
k(t) =e ™,

where R(t) is the convolved regressor r(t) with the function, i.e.
convolutional kernel, k(t) that is a single exponential function with
a decay time constant 7, that is typically set to the decay time of the
calcium sensor. Previous studies suggested around 1 to 1.5 seconds
for GCaMPé6s (T.-W. Chen et al. 2013; Dunn et al. 2016b).

Regression analysis was performed either on ROIs extracted using
anatomical or correlation-based segmentation or voxel-wise across
an acquired volume. The latter computes in an unbiased way the
correlation of each voxel with the regressor chosen. For multiple
regressors, we used multilinear regression. Multilinear regression tries
to find a linear combination of regressors r;(t) to match accurately the
fluorescence signal F(t):

F(t) = wo + wir1(t) + wora(t) + ... + wury (1),

where w; is the weight of each r;(t) and wy the bias term. The
linear equation is solved using the scikit-learn implementation of
LinearModel. In these studies, we did not use any regularization terms,
because the performance of the LinearModel itself was sufficient.

For the swimming correlation map shown in the first study (Figure
48), we created a regressor using the swimming vigor for each plane
and convolved it with the GCaMP6s kernel. ROIs that are correlated
more than 0.8 were considered swimming related ROIs.

Brain region identification

To identify brain regions, we used the annotations provided by the Z-
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brain atlas (Randlett et al. 2015). First, we morphed the Tg(elalv3:GCaMP5g)

confocal stack provided by the Z-brain atlas to our reference brain
(as used in Knogler et al. 2017) using the Computational Morphom-
etry Toolkit (CMTK) to compute a general transformation matrix. We
used this transformation matrix to morph each annotation map to
our reference brain. Then, we iterated over every voxel in our cluster
map and determined if this voxel is contained in any annotated map.
Annotations with high coverage were considered being present in the
cluster.
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Injection of Fyn-mClover3:PC
in aldoca:gap43-mCherry inx

Imaging at high-resolution  Imaging at lower resolution and zoom

for cellular anatomy for axon projection and registration
i", '

Figure 27: Sparse labelling of Purkinje cells. Embryos were injected with
a construct specifically labelling Purkinje cells in green (Fyn-
mClover3:PC). We injected in an incross of the aldoca:gap43-
mCherry background (Casper fish, that lack melanophores and
iridophores, mitfa'/ - ;roy‘/ ", described in White et al. 2008). This
allowed us to image the sparse labelled Purkinje cells in refer-
ence to all Purkinje cells. Two stacks were acquired: one for high-
resolution imaging (bottom left panel) and the other for axon
tracing and registration (bottom right panel, see text).

This feature is part of a program called regionfinder and is available
in the Github repository of the lab. It can also be used to easily look
at morphed stacks in relation to our reference brain.

2.6.2.8 Single neuron tracings

For Purkinje cell single cell labelling, Fyn-mClover3:PC was injected in
an incross of aldoca:gap43-mCherry (see Figure 27). The aldoca fish label
all Purkinje cells with a red fluorescent indicator. This red channel
was used as a reference template to morph individual fish together.
Sparse Purkinje cells were imaged in the green channel (excited with
a 488 nm laser) at a high-resolution close to the diffraction limit (ca.
125 nm sampling for each px).

High-resolution images were deconvolved using Richardson-Lucy
deconvolution (Lucy 1974; Richardson 1972) as implemented in the FIJI
plugin DeconvolutionLab. The point-spread function (PSF) used for
deconvolution was created using the PSF Generator plugin for FIJI. The
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2.6 DATA ANALYSIS

PSF was based on the Born&Wolf model. Settings were 1.0 NA, 1.333
for refractive index (water immersion), step size 500 nm, px-width
depending on acquistion settings, on average 125 nm/px. Excitation
wavelength: 488 nm. The Richardson-Lucy algorithm works iteratively,
for our purposes 10 to 20 iterations were sufficient and avoided the
occurence of artifacts. Note: Other implementations of the Richardson-
Lucy algorithm were tested (skimage and own implementation in
Python), however, the DeconvolutionLab software was significantly
faster than all other implementations tested. After deconvolution,
all stacks were manually inspected and background fluorescence,
autofluorescent skin and artifacts were manually removed. All cells
were interpolated to an xy spacing of 200 nm.

Neurons were traced using NeuTube (Feng et al. 2015). Tracing
information was stored in swec file format (Cannon et al. 1998)**. Using
custom written software in Python, the swc file was automatically
transformed into a TIFF stack by drawing lines in 3D between each two
adjacent, connected nodes. Drawing functions already implemented
in scikit-image or OpenCV only work in 2D. To draw lines in 3D, I
re-implemented the Bresenham algorithm (Bresenham 1965). A sphere
at the location of the soma with a radius of 5 ym was also drawn
and was implemented by drawing 2D intersections of the sphere, i.e.
circles, using the plane spacing in z. This program circumvented the
tedious operations in FIJI and gave the same results. The drawing
functions are available on my and the Portugues lab Github account.

Reference channels (see Figure 27) were morphed to the Purkinje
cell reference stack that has been morphed to the lab reference brain
(as used in Knogler et al. 2017) using CMTK (Rohlfing and Maurer
2003). The same transformation matrix was used to morph the traced
neurons to the reference brain. For intepretation reasons, we also
morphed all neurons to the same hemisphere.

Evaluation of mCarmine

We excited mTFP1 and mCarmine with a 442 and a 633 nm laser, re-
spectively. To compare mTFP1 and mCarmine quantitatively, we deter-
mined a performance index (PI) in a deconvolved z-stack (Richardson-
Lucy algorithm with a theoretical PSF for mTFP1 and mCarmine)
(Kirshner et al. 2013; Sage et al. 2017) that covers the interpositus nu-
cleus (IPN) (around 240 + 28 um deep) with re-adjusted laser settings.
The PI shows the relation of signal (the higher the fluorescence, the
better) to brightness (the brighter the fluorophore, the easier it is to
emit photons and thus, cause fluorescence) and laser power (the less

The swe file format is a standardized, ASCII-based file format to save 3D structural
information of nodes and their connection to each other.
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Drawing in 3d
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laser power is needed to emit photons, the better). Thus, the following
equation describes the PI
F
PI=—
b-p’
with F being the mean fluorescence in a given frame, b the brightness
of the fluorophore (54.0 and 6.0 for mTFP1 and mCarmine, respectively,
brightness is the product of quantum yield and the molar extinction
coefficient) and B the laser power used in that frame (ranging from
o to 1, where o is off and 1 is maximum laser power). The PI was
normalized to the mean PI of mTFP1.

Statistics

Significance was tested using Student’s t-test where applicable. P-
values below 0.05 were treated as significant, corrected by Bonferroni
correction for multiple tests. All error bars represent standard error of
the mean unless otherwise stated. Confidence intervals show 95% of
variance (i.e. two standard deviations).



RESULTS

3.1 STUDY I:
OPTOMOTOR SWIMMING HAS LOCAL AND GLOBAL FEATURES.

In the first study, we investigate what visual features contribute to
evoking the OMR. We first behaviorally tested fish with random
binary gratings to use reverse correlation, similar to the spike-triggered
average for receptive fields. The so called behavioral-triggered average
(BTA), to determine if there is some structure in the visual stimulus
triggering the OMR (see introduction and Methods). Next, we were
looking at the stimulus parameters, if they alter the main visual feature
identified in the BTA, the light-dark transition. Then, we tested the
performance of a replay of the BTA and some variants and could show,
that both, global whole-field and local light dark transitions contribute
to the OMR significantly. We used two-photon whole-brain calcium
imaging to identify units correlated with a whole-field filter light-dark
transition stimulus. Lastly, we tested if a generalized linear model is
suitable to explain the data.

3.1.1  The optomotor response is preferentially elicited after a light-dark
transition

To determine which features of the binary grating induce swimming
behavior, we presented head-restrained larval zebrafish with forward-
moving whole-field visual stimuli consisting of black and white bars
from below (see Figure 17). The visual stimulus was generated ran-
domly for each experiment, such that black and white bars occurred
with equal probability (see Methods). In other words, when pick-
ing random instances of the visual stimulus across the experiment,
the average visual stimulus across the field was gray. Using real-time
behavioral tail tracking, we provided the fish visual feedback by chang-
ing the visual stimulus speed in proportion to the swimming strength
of the fish (see Figure 28, top left panel, and movie).

For every fish we computed the reverse correlation of the presented
visual stimulus with behavioral onset to gain the BTA (see Methods
and Figures 25 and 28). The BTA consists of a spatiotemporal filter (the
history part of the BTA, Figure 28, right panel) that is stereotypical
across individuals (Figure 29).

The BTA filter is globally largely unstructured one to two seconds
before bout start. Structure emerges around 500 ms before bout start
that comprises a local light and dark luminance band moving forward,
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Figure 28: The behavioral triggered average contains structure. From the
visual stimulus shown to the fish, we extracted the bout starts
from the tail trace and triggered the visual stimulus on the bout
start with a window of £ 2 s. On the right, the BTA resulting
from averaging the individual BTAs of 52 fish is shown. The
position of the fish’s head is indicated by the red line and positive
y values denote positions in front of the fish. The larva on the
right, indicated by the black arrow head, is drawn to scale. The
z-scale denotes luminance intensity variations from baseline.
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Figure 29: The BTA aligned to bout starts for different six individual fish.
The same light-dark transition trend is apparent across fish. In
individual fish is more noise apparent than in the total average of
52 fish. Heatmaps indicate relative luminance intensity.
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500 ms before bout start on bout start 500 ms after bout start

Rel. luminance intensity
o

Figure 30: Fish experience a light stimulus compared to baseline, and then
swim after perceiving a light-dark transition. After swimming, the
luminance is homogenously at baseline.

that coincides with bout start when the border from the light to dark
area reaches the head of the fish (Figure 30 and 31a).

The fish experiences this light-dark transition (Figure 31b,c) with a
peak-to-peak duration of around 500 ms. Interestingly, these luminance
changes are very local, roughly + 5 mm away from the head of the
fish (Figure 31c). The results shown in Figure 31a and Figure 31c
further indicate that fish don’t start swimming at the local luminance
minimum, but rather on the light-dark transition itself. Roughly 500
ms after swimming, the average luminance levels of the filter are not
different from the luminance levels during the unstructured period
before bout onset (Figure 31b,d).

In line with an LNP model, we computed the nonlinearity for the
BTA across fish (Figure 32) and saw that it is in line with an asymmetric
point-linearity as seen in STA nonlinearities (Schwartz et al. 2006).

In order to confirm these results, we repeated these experiments
in higher spatial and temporal resolution to better extract the exact
stimulus presented in the near visual field of the fish as suggested
by Figure 30 directly from the camera image to avoid stimulus un-
certainties due to technical limitations (see Methods). These findings
confirmed that the filter indeed shows fish swim at a local light-dark
transition (Figure 33).

As we observe structure in the average stimulus that triggers behav-
ior, we next asked if there is a structure in the stimulus ending the
bouts. Thus, we performed a similar analysis for bout ends, however,
in contrast to bout starts, we found no apparent structure in the bout
end-triggered average filter (Figure 34a). As suggested by Figure 31a
and Figure 34b, we tested if that unstructured gray is able to trigger
ending the bout. We performed an experiment where the whole visual
field turns gray after detection of bout onset. Fish swim significantly
shorter (328 + 13 ms vs. 367 + 13 closed-loop, p<0.05, Student’s t-test,
Figure 34c), but this effect was very small, indicating that the local
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Figure 31: Fish swim after a light-dark transition. (a) The average visual
stimulus in 500 ms steps leading to bout start. As in Figure 30,
the fish’s position is indicated with a red line and black arrow
head. (b) The average luminance profile over time on fish head
across fish (black) with averages for individual fish (light gray). (c)
Average luminance intensity across fish (black) relative to fish’s
position with averages for individual fish (light gray). (d) Average
luminance across fish on fish head at baseline, 500 ms before bout,
on bout and 500 ms after bout. Note, that baseline luminance
levels and luminance levels 500 ms after the bout do not differ.
Asterisks show significance levels with p<o.05. Error bars indicate
S.EM.
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Figure 32: Nonlinearity is as expected in an LNP model. Details see Methods.
On the left side, a schematic of an LNP model is shown, with the
linear filter gained from the BTA analysis.
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Figure 33: Local filter across twelve fish. Local luminance levels were gained
by extracting the grating directly from the camera image. A repre-
sentative fish is shown right next to the filter for a size comparison.
Same filter is present as indicated by experiments with a greater
field of view (Figure 28).
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luminance levels are important to trigger swimming but that other
factors may contribute to controlling swim duration and stopping.

In summary, these experiments show that a forward moving whole-
field visual stimulus exhibits on average a striking local and not global
structure that is stereotypic across fish and consists of a local light-dark
transition.

Light-dark transition is largely unaffected by stimulus parameters.

To understand the visual features that optimally drive OMR swim-
ming, we next investigated how the BTA filter depends on the stimulus
parameters, as it has been shown previously that grating speeds influ-
ence behavior (Severi et al. 2014). Changing the bar width or stimulus
speed did not affect the most salient features of the filter (compare
Figure 31c and Figure 35), namely the light to dark transition centered
on the larva’s head. Small changes in filter features, such as increased
peak to peak magnitude can be accounted by the different stimulus
statistics (Figure 35, left panel, and Appendix). With low stimulus
speeds the light-dark transition is pronounced, however, fades with
increasing speeds, indicating that fish are presumably faced with sen-
sorimotor processing delays (Figure 35, right panel, and Appendix).
Behavioral parameters, such as mean bout duration and mean inter-
bout duration (i.e. time between bouts) is not affected by these changes
in stimulus parameters (Figure 36). The BTA across stimulus param-
eters is highly similar to the one shown in Figure 28, incorporating
more variance because of the higher stimulus space (Figure 37).

We next were interested if the BTA is dependent on the average
global luminance levels. When we varied the ratio of white to black
bars, the average is not gray, but shifted to darker or lighter luminance
levels, respectively. When determining the BTA filter for these differ-
ent white:black bar ratio stimuli, we observed a similar light dark
transition compared to the BTA shown in Figure 37, indicating that
fish likely adapt to the average luminance level of the stimulus (Figure
38, see Appendix). We also verified that the fish behavior and filter
nonlinearities stayed constant across white:black bar ratios (Figure 38).

In certain cases, reverse correlation may not reveal all stimuli that
drive a response. If both a stimulus and its inverse are equally likely to
elicit a spike/behavior, then the average of these stimuli would have
little structure (Schwartz et al. 2006). We therefore performed behavior
triggered covariance analysis (Schwartz et al. 2006, and methods) on
our dataset focusing on the two seconds prior to bout start to look
for evidence of symmetric filters (Figure 39a). Using singular-value
decomposition on the covariance matrix, we obtained eigenvectors
of the stimulus covariance matrix, sorted by their eigenvalues, that
provide directions which explain the most variance. We performed
the same analysis on our dataset with shuffled bout start labels. We
sorted the eigenvalues in descending order and found that eigenvalues
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Figure 34: Bout end triggered average shows no filter response. a) Bout end
triggered average across fish, grating speeds and bar sizes. The
bout inducing filter is still apparent. Heatmap shows relative lumi-
nance levels b) Relative luminance profile for visual scene (upper
panel) and at fish head (indicated by red line), color coded in
time (one second before bout end to bout end depicted in increas-
ing blue saturations). The mean luminance profile approaches an
average even luminance across the visual field. Around 400 ms
before bout end (the average bout duration of a fish, as seen in c)),
the luminance at fish head is minimal, and during swimming the
luminance increases again. ¢) Mean bout duration of fish when
provided normal closed-loop reafference or only even gray that
relates to the grating with 0% contrast by overall constant lumi-
nosity. With this neutral stimulus, swim significantly less (p<o.05),
but still close to normal closed-loop bouts. Shaded area indicate
S.EM.



52 RESULTS

bar size
>
= 40 10 mm
S |
g
c
‘© 20 0.5 mm
€ o
£
E-20
=
T -40
o

30 20 10 0 -10 -20 -30
Distance relative to fish head [mm]

Rel. luminance intensity
o

grating speed

40 20 ri1m/s
20 5 mm/s

[ I I I I I 1
30 20 10 0 -10 -20 -30
Distance relative to fish head [mm]

Figure 35: Left panel: mean luminance intensity profiles at bout start for
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from light to dark green). Right panel: mean luminance intensity
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Figure 36: Mean bout and interbout duration for different bar sizes (left,
green) and grating speeds (right, magenta), respectively. See also
Figure 35. Error bars indicate S.E.M.
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Figure 37: Average BTA for all grating speeds and bar sizes across 52 indi-
vidual fish BTAs. The structure is highly apparent roughly one
second before bout start and disappears rapidly earlier than one
second before bout start and almost immediately after bout start.
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Figure 38: Left panel: relative intensity profiles aligned to the minimum for
a local random binary grating experiment with varying white-
to-black bar ratios, for 1:3, 1:1 and 3:1, respectively. Right panel:
Nonlinearities for all bar ratios (compare to Figure 32). Bottom
panels: mean bout and mean interbout duration for different
white-to-black-bar ratios. Error bars indicate S.E.M. Top right
panel: nonlinearities for different white-to-black bar ratios with
shaded error shows S.E.M.
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for shuffled bout starts and true bout starts are very close to each
other. Eigenvalues from shuffled bout starts covariance analysis tend
to explain more variance than true bout starts (Figure 39b).

When looking at the eigenvectors, we found that eigenvectors were
also very similar between random instances and bout starts. Inter-
estingly, eigenvectors cover a whole-field, global forward moving
sine-like stimulus that increases its frequency along higher eigen-
values and -vectors (Figure 39c¢). Later eigenvectors do not show any
structure compared to first eigenvectors (Figure 39c). Given the similar-
ities between shuffled and bout starts, we propose that the covariance
analysis does not yield further symmetric filters to be further consid-
ered in specific behavior triggering. Noteworthy, it showed that global
whole-field motion is symmetric, as this global whole-field motion
becomes gray in the BTA.

To summarize, we could show that the BTA's light-dark transition
is stable across a variety of stimulus conditions, which underlines the
BTA’s importance in OMR swimming. Together with our covariance
analysis, we show that symmetric global whole-field motion accompa-
nied by a local light to dark transition close to the larva’s head is an
integral part of OMR.

3.1.2 Behavioral response onset is mediated by the light-dark transition
gradient

To precisely examine the importance of both global and local motion
in eliciting OMR swimming we presented larvae with visual stimuli
that differentially provide relevant global and local information (see
movie). The first one, which we refer to as filter replay, consisted of
the BTA as shown in Figure 37. It is replayed to the fish as shown in
Figure 31a, for the full duration of three seconds before and following
when the optimal visual trigger for the bout would occur. The second,
which we term whole-field motion, consisted of the BTA’s luminance
profile at bout start (see Figure 31c) stretched in 2D and moved over
the fish in a caudal to rostral direction. The third stimulus consisted
of the BTA shuffled in space (i.e. at every instance in time, the spatial
profile of the BTA was shuffled), to avoid motion inducing two-point
correlations. For the space-time profile of the filter replay and the
whole-field motion stimulus see the first two panels in Figure 43b.
By definition, the BTA should comprise a close to ideal stimulus
to evoke the behavior. When comparing the individual visual stimuli
used to generate the BTA to the average BTA obtained across trials
and across fish, we see that the BTA in fact contains no global and
only local motion and is mostly unstructured (compare to Figure 37).
We found that the filter replay was nonetheless capable of evoking
swimming (Figure 40). We observed, however, that the whole-field
motion stimulus, was more effective than the filter replay in eliciting
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Figure 39: Behavior triggered covariance analysis did not reveal further fea-
ture subspace. a) We determined the first filter by performing BTA
to determine if more filters contribute to the OMR. b) Eigenvalues
gained from singular-value decomposition of the covariance ma-
trix of bout starts (magenta circles). The gray shade indicates the
eigenvalues gained from a singular-value decomposition of the
covariance matrix of shuffled bout starts. Example eigenvectors
shown in c) are labeled with a black arrowhead and the respective
eigenvalue number. Lower panel shows the black rectangle inset
enlarged. c) Example eigenvectors for random and bout-triggered
instances as derived from b).
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Figure 40: Whole-field filter, but not filter replay evokes predicted behavior.
a) Mean number of bout starts at given time points relative to
predicted bout start. Blue lines represent when the grating was
shuffled, green filter replay and red whole-field motion of average
trigger (N=28). b) Cumulative distribution of bout starts (shuffled
= 1414, filter replay = 13699, whole-field motion = 20380) as shown
in a). The midpoint for filter replay is -0.41 s before predicted bout
start, for whole-field motion it is -0.15 s. The shuffled bouts are
distributed equally across the trial. Colors as in a).

swims, indicating that whole-field motion is an important feature for
triggering OMR, however, its structure seems to be irrelevant (see
Figure 28).

In addition, swims in response to the whole-field motion stimulus
occurred closer to the predicted time of bout start, whereas filter replay-
elicited bouts occurred earlier than expected (Figure 40). We therefore
hypothesized that it was the difference in the stimulus presented in
the far visual field that was responsible for the different behavioral
profiles observed between the filter replay and the whole-field motion
stimulus.

To test this hypothesis we presented fish with the filter replay locally,
in an 8 mm window surrounding the larva, and combined this with
different stimuli in the far caudal visual field (see Figure 41, Figure
42, and Methods). As a control we included in this experiment the
whole-field motion stimulus as presented in Figure 40. The results
show that this whole-field motion stimulus again elicited the most
swimming (Figure 42). Notably, all other conditions exhibited similar
behavioral profiles with fewer bouts and again earlier than expected
(Figure 42). This was even the case for the stimulus that combined the
filter replay locally and whole-field forward moving gratings in the
caudal visual field, suggesting a strong dependence of the behavioral
profile on the local luminance transitions, although the whole-field
component yielded a higher amount of bouts close to the whole-field
motion levels (Figure 42).

We analyzed these local luminance transitions for the stimuli we
presented and noticed that the luminance gradient of the whole-field
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Figure 41: Visual stimuli that are presented in two zones: zone 1 (gray) either
part of the filter replay, i.e. morphing of the filter, it is replaced
with uniform gray, random flickering bars that induce peripheral
noise, or forward moving bars. Zone 2 (green) stays constant as
being the filter replay. As a control, we are using the whole-field
moving filter.

motion stimulus was more pronounced than that of the filter replay.
Interestingly, the onset of bouts was mostly concentrated during this
light dark gradient, with a steeper gradient resulting in a shorter time
window over which swimming would start (Figure 43a).

To probe the role of the gradient on the behavioral profile we
introduced a version of the filter replay, which we call temporally-
squeezed filter replay (filter replay*), which consists of the filter replay
squeezed in time to yield a steeper temporal luminance gradient
as similar as possible to the whole-field motion stimulus (Figure
43b-d). This stimulus elicited a behavioral profile with similar total
number of bouts as the filter replay, but their onset was aligned to
the expected bout start time just as was the case for the whole-field
motion stimulus (Figure 43b,e). This confirms the importance of the
light-dark luminance gradient in shaping the timing of the behavioral
profile, while the missing whole-field motion features leads to reduced
number of swimming events.

Finally, to investigate the relationship between this luminance gra-
dient and whole-field motion, we presented larvae with visual stimuli
that incorporated whole-field motion (similar to the whole field motion
stimulus) and differed only in the local luminance gradient (Figure 44).
As expected, swim bouts occurred throughout the light-dark transition.
Steeper gradients resulted in sharper behavioral profiles, although
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Figure 42: Whole-field motion improves behavioral response, but does not

change behavioral onset timing. Top right: Schematic of experi-
mental design. Filter replay is shown locally, close to the fish in
an 8 mm window (rostral to caudal, complete stimulus window
lateral to the fish) and in the periphery the stimulus is altered
(global). Graph shows cumulative sums of bouts in time depend-
ing on stimulus. Either, filter replay (green), filter replay with gray
in the periphery (turquoise), filter replay with noise (orange), filter
replay with whole-field motion (yellow) or the whole-field motion
filter as shown in b) were presented to the fish. Peak number of
bouts and half maximum location of cumulative sum are derived
from sigmoid fits of the data (see Methods). Shaded area indicate
S.EM.
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Figure 43: The light-dark gradient accumulates behavioral onsets. a) The
luminance profile on the fish head over time during filter replay,
whole-field motion filter and the temporally squeezed filter replay.
b) The whole-field filter, filter replay and the temporally squeezed
filter replay have different spatio-temporal luminance profiles.
Heatmaps show luminance levels over time in relation to the fish’s
head position. c) On predicted bout onset (indicated as o in b),
all of the three options of b) have the identical spatial luminance
distribution. d) Over time, however, the luminance profiles are
different. Note the same light-dark gradient in whole-field motion
filter and the temporally squeezed filter replay. e) The temporally-
squeezed filter replay has no significant different peak onset than
the whole-field filter, and is shifted significantly compared to filter
replay towards expected bout start, stressing the importance of
the luminance gradient in evoking behavior. Shaded area indicates

S.EM.
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Figure 45: Gradient steepness modulates not only onset timing, but also
number of bouts. Shown are cumulative sums of mean bout starts
across 35 fish, color-coded depending on gradient slope (light
colors shallow, dark colors steep gradient). Shaded area indicate
S.E.M. Right panel shows the half maximum of cumulative sums
against steepness of gradient (higher numbers produce shallower
gradient).

surprisingly, stimuli with steeper gradients also elicited more bouts
despite the fact that whole-field motion was still present (Figure 45).

Overall, the results presented in Figure 3 show that both the local
luminance gradient and the presence of whole-field motion contributes
to shaping the behavioral profile. In certain circumstances, whole-field
motion is required to elicit a stronger behavioral response (Figure 40,
42 and 43e). The light-dark luminance gradient shapes the behavioral
response distribution and its peak onset (Figure 40 and 45). However,
this gradient may also affect the number of bouts elicited, suggesting
a nuanced interplay between the local and global motion percept.

3.1.3 Behaviorally relevant BTA whole-field motion causes tuned neural
responses

Having defined a visual filter that drives the OMR, we were inter-
ested if the visual filter causes specific neural activity. We therefore
performed two-photon whole brain functional imaging in larvae
pan-neuronally expressing the genetically encoded calcium indicator
GCaMP6s. We presented the fish with five stimuli that incorporated
whole-field motion and light-dark luminance transitions in diverse
ways: a sharp light-dark transition (commonly known as off edge)
moving forward across the visual scene, a smooth dark-to-light whole
field luminance transition, a forward-moving sine grating, and finally
the whole-field filter, first moving forwards and then the reversed
filter moving backwards (Figure 46). This later stimulus was presented
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Figure 46: Visual stimuli for two-photon imaging experiment. We probed fish
with a forward moving off edge, a whole-field luminance change
(dark to bright), a forward moving sine grating, the whole-field
motion filter forward, and the whole-field motion filter moving
reversed, moving backward (same light-dark transition, opposite
sign of motion).

because it has the opposite sign of motion by keeping the same light-
to-dark transition.

Using pixel-wise correlations, we found 440,736 active regions of
interests (ROIs) from nine fish that include cell somata and fibers (see
Appendix for coverage). We grouped ROIs into clusters with distinct
responses (Figures 47 and 48, see also Methods) and found five that
were selectively responsive to the filter or its reverse (Figure 47). Clus-
ters 1 and 5 showed luminance dependent responses corresponding to
luminance on and off, respectively. Cluster 1 includes the medial cere-
bellum, as well as arborization fields (AFs), in particular AFg. Cluster
5 includes active units in the pretectum, dorsal thalamus and bilateral
strata of the tectal neuropil. Cluster 3 responded specifically to the
reversed filter that moves backward, and thus comprises a reverse
motion cluster. ROIs in cluster 3 are mainly located in rhombomere 1
of the hindbrain and the tectal stratum periventriculare. Cluster 4 was
active for all visual motion regardless of the direction (Figures 47 and
48). It includes the tectal neuropil, as well as other arborization fields
and cells ventral to the tectum. Only cluster 2 had responses more
specific to the forward moving filter. This cluster was also active when
presented with the forward moving off edge, a feature shared with the
forward filter, but not when the reversed filter is shown, which has the



3.1 STUDY I:OPTOMOTOR SWIMMING HAS LOCAL AND GLOBAL FEATURES.

lumi- filter filter sine
edge nance forward reversed forward

Cluster

luminance on

®d\\//\/\/vv~|
o N RS

reverse motion /\

@mo,t?\ AY

luminance off

@f\/\/\/“”

baseline

100% dF/F

[9.7s per repetition]

Figure 47: Cluster responses for the five clusters that have responses to either
the forward moving whole-field motion filter or to its backward-
moving reverse. Shown are calcium transients using the dF/F
method relative to baseline (gray line).

same luminance transition but with the opposite sign of motion (Fig-
ure 47). These responses are spread out over the whole brain (Figure
48). They include the nucleus of the medio-lateral fasciculus (nMLF),
the pretectum, the tectal neuropil (AF10) and AFe6.

When looking at units that are active during swimming episodes, we
identified a single cluster related to swimming (magenta cluster, Figure
48). Interestingly, the cluster that is closest specific to the forward filter
(cluster 2) contained a very small overlap with this swimming cluster,
mainly surrounding the nMLF neurons, indicating that the neurons in
cluster 2 are either sensory or directly involved in the sensorimotor
transformation that leads to behavior. Further, neurons in cluster 2
had only little correlation with swimming.

In summary, we show tuned responses to the forward moving filter
that are located across the whole fish brain.

3.1.4 A generalized linear model can capture more variance than chance

Our results demonstrate that OMR swimming is triggered both by a
light-dark transition and whole-field motion. We asked if a generalized
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Figure 48: Anatomical localization of clusters shown in Figure 47. Green
heatmaps show ROI locations in specific cluster gained from
clustering analysis of automatically found ROIs across nine fish.
Purple are ROIs that correlate well with behavior (r >= 0.8, N=9
fish).

linear model, a variant of the LNP model (Figure 5), can predict the
fish’s behavior as shown for a heat-induced swimming (Haesemeyer
et al. 2015). At every instance in time, we fed the grating history
computed over a one second window together with the bout starts as
labels to the GLM fitting algorithm that finds the ideal filter using log-
likelihood (Figure 49 and Methods). In agreement with our analysis,
the GLM filter looks highly similar to the BTA (Figure 49, bottom left
heatmaps). The GLM returns rates that should coincide with bouts
(Figure 49, bottom right panel). We assessed model specificity and
sensitivity, as well as false-positive and false-negative rates (Figure 50).
For every given threshold and model (Figure 49, bottom right panel),
we computed the percentage of peaks that are accompanied by a bout
(i.e. true predictive value, Figure 50, top panel) and the percentage of
bouts that are accompanied by a peak (i.e. true positive rate, Figure 50,
bottom panel). The GLM is capable of explaining a higher amount of
variance compared to bootstrap controls. Up to 13.2% of the detected
peaks above threshold are accompanied by a bout, whereas 48.0% of
the bouts are accompanied by a peak (compared to 8.6% and 21.0%
in bootstrap controls, respectively, Figure 50). When determining the
false negative and false positive rates for our model, we observe that
the model outperforms the bootstrap control (Figure 51).
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Figure 49: Fitting a generalized linear model (GLM). Using the grating his-
tory as features and bout start (binary, yes and no) as labels, we
fitted a GLM using pyglmnet (see Methods). The filter gained
by the fitting is shown next to the behavioral triggered average
of the training data (bottom left). The GLM returns probability
rates of a fish to swim (green). We used a variable threshold (pur-
ple) to determine which peaks above threshold (red circles) are
accompanied by a bout (black dashes) in a given window.

Overall, the simple GLM succeeds in explaining the data better than
chance, though we expect more complex models to be able to improve
this significantly.
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Figure 52: Transgenic fish lines labelling specifically Purkinje cells with dif-
ferent reporters. Left: PC:GCaMP6s maximum intensity projection
(used in Knogler et al., 2018), Right: Zoom-in of PC:NLS-GCaMP6s,
shown as maximum intensity projection.

3.2 STUDY II:
ROLE OF PURKINJE CELLS IN SENSORIMOTOR CONTROL

3.2.1  Purkinje cell transgenic lines

Effort has been made to create a toolbox to dissect cerebellar circuits.
We developed transgenic lines that allow imaging of Purkinje cells
(PC:GCaMPé6s, Fyn-tagRFP:PC:NLS-GCaMP6f, PC:NLS-GCaMP6s),
as well as ablation of Purkinje cells (PC:epNtr-tagRFP) based on
the enhanced Nitroreductase (Tabor et al. 2014). For acute manip-
ulation, we created transgenic lines that express channelrhodopsin
(PC:ChR2-tagRFP) or ReaChR (a red-shifted channelrhodopsin variant,
PC:ReaChR-tagRFP) in Purkinje cells. ReaChR was shown previously
to be efficient in holographic activation (I.-W. Chen et al. 2018), thus,
this line can be potentially used to map circuits using optogenetics.
To gain high-quality anatomy stains, we generated transient and sta-
ble lines using the construct Fyn-mClover3:PC (Figure 52). Using the
last line, one can easily see fine processes of Purkinje cells using a
fluorescent stereoscope.

Further lines, that are part of this study include the ones summa-
rized in table 1.

3.2.2  Purkinje cell anatomy

Earlier studies reported that around 180 to 300 Purkinje cells exist in
a 7 dpf larval zebrafish (Hamling et al. 2015). However, by labelling
the nuclei of Purkinje cells using a special transgenic line (PC:NLS-
GCaMPé6s), we were able to perform 3D template matching using a
3D gaussian as template. The 3D gaussian closely resembles the 3D
anatomy of a Purkinje cell nucleus that appears to be almost spherical.
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